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Supervisors:  Timothy H. Keitt, Mark Kirkpatrick 

 

The goal of this dissertation is to further our understanding of how spatially 

heterogeneous landscapes may impact the formation of range boundaries that then 

aggregate to form large-scale biodiversity patterns. These patterns have been analyzed 

from many different perspectives by ecologists, evolutionary biologist, and physiologists 

using a variety of different theoretical, statistical, and mechanistic models.  

For some species, there is an obvious abrupt change in the environment causing a 

range boundary.  Other environments change gradually, and it is unclear why species fail 

to adapt and expand their range.  The first chapter develops a novel theoretical model of 

how the establishment of new mutations allows for adaptation to an environmental 

gradient, when there is no genetic variation for the trait that limits the range.  Shallow 

environmental gradients favor mutations that arise nearer to the range margin, have 

smaller phenotypic effects, and allow for proportionately larger expansions than steep 

gradients.  Mutations that allow for range expansion tend to have large phenotypic effects 

causing substantial range expansions.    

Spatial and temporal variation in climatic and environmental variables is 

important for understanding species response to climate change.  The second chapter uses 

a mechanistic model to simulate switchgrass (Panicum virgatum L.) productivity across 
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the central and eastern U.S. for current and future climate conditions.  Florida and the 

Gulf Coast of Texas and Louisiana have the highest predicted current and future yields.  

Regions where future temperature and precipitation are anticipated to increase, larger 

future yields are expected. 

Large-scale geographic patterns of biodiversity are documented for many taxa.  

The mechanisms allowing for the coexistence of more of species in certain regions are 

poorly understood.  The third chapter employs a newly developed wavelet lifting 

technique to extract scale-dependent patterns from irregularly spaced two-dimensional 

ecological data and analyzes the relationship between breeding avian richness and four 

energy variables.  Evapotranspiration, temperature, and precipitation are significant 

predictors of richness at intermediate-to-large scales.  Net primary production is the only 

significant predictor across small-to-large scales, and explains the most variation in 

richness (~40%) at an intermediate scale.  Changes in the species-energy relationship 

with scale, may indicate a shift in the mechanism governing species richness. 
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Chapter 1:  Introduction1 

A central question for both ecology and evolutionary biology is to understand the 

forces that shape species range boundaries and biodiversity patterns.  Understanding and 

analyzing these patterns requires an interdisciplinary approach, combining knowledge of 

adaptive evolution, demographic processes, and intra/interspecific interactions (Gaston, 

2000; 2009).  Recent interest in these topics has been stimulated by several factors:  First, 

there is a growing appreciation that species inhabit complex spatially heterogeneous 

landscapes, and that modeling these spatial processes is necessary to understand 

adaptation (Lenormand, 2002).  Second, large advances in geographic information 

systems and computational techniques have allowed for the production and use of many 

wide-ranging geographic datasets (Peterson, 2001; Phillips et al., 2006).  Third, range 

shifts attributed to climate change have been documented for many taxa and are a 

growing concern (Parmesan & Yohe, 2003; Parmesan, 2006). 

Modeling is necessary to understand the limits of adaptation, predict the response 

of species or communities to climate change, and identify the best course of action to 

conserve species and maintain current biodiversity levels.  Many evolutionary and 

ecological modeling techniques have been used to investigate the formation of range 

borders and richness patterns.  One body of literature stems from evolutionary biology 

and focuses on the use of theoretical population genetics to understand the process of 

adaptation to spatially heterogeneous environments.  These models have been used to 

determine how gene flow can facilitate or inhibit adaptation to heterogeneous 

environments in distinct demes and continuous landscapes (Holt & Gomulkiewicz, 1997; 

Kirkpatrick & Barton, 1997; Gomulkiewicz et al., 1999).  Theoretical models provide 

                                                
1 A version of the material presented in this chapter has been published in Journal of Evolutionary Biology.  
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valuable insight into the process of adaptation.  However, each model relies on many 

simplifying assumptions and cannot directly be applied to modern populations.   

Contributions from ecological models typically assume that populations do not 

adapt.  Theoretical ecology of range limits has focused on modeling source-sink 

dynamics, allee effects, and inter/intra specific interactions (Keitt et al., 2001; Holt et al., 

2004; Case et al., 2005).  In addition, many statistical approaches use range maps or point 

data along with detailed environmental variables to estimate the distribution (or 

ecological niche) of many species without directly modeling the interactions between 

individuals and their environment (Peterson, 2001; Phillips et al., 2006).  These types of 

species distribution models (SDMs) often estimate the species’ realized niche.  

Alternatively, mechanistic models based on measured physiological or behavioral 

parameters have been used to the predict the fundamental niche (Buckley, 2008).  Both 

SDMs and mechanistic models are widely used to predict a species’ response to climate 

change and expected declines in biodiversity (Thomas et al., 2004; Thuiller et al., 2005; 

Buckley & Jetz, 2008). 

The three chapters of my dissertation research make use of these diverse modeling 

techniques and further our understanding of how heterogeneous landscapes affect the 

evolutionary and ecological processes governing range limits and biodiversity patterns.  

Chapter one presents a novel theoretical model of species range expansion by beneficial 

mutations along a continuous environmental gradient.  This portion of my research 

explores three questions about adaptation when there is no genetic variation for the trait 

that limits the species’ range.  This study generates a new set of theoretical predictions 

that can be tested by future empirical studies.  Chapter two employs a newly developed 

wavelet method to analyze the scale dependence of irregularly spaced data in two 

dimensions. This technique was used to explore the species-energy relationship by scale 
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and provide insight into how the mechanisms governing the species-energy relationship 

change.  Chapter three explores the current and future potential of switchgrass for biofuel 

production across the central and eastern U.S.  A mechanistic model of crop growth was 

spatially parameterized and used to simulate biomass production.  The relationship 

between changes in yield and future temperature and precipitation were analyzed.  This 

information was used to locate regions that should be targeted for biomass production to 

maximize current and future yields.  
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Chapter 2:  Species Range Expansion by Beneficial Mutations 

 

ABSTRACT 

A species' range can be limited when there is no genetic variation for a trait that 

allows for adaptation to more extreme environments.  We study how range expansion 

occurs by the establishment of a new mutation that affects a quantitative trait in a 

spatially-continuous population.  The optimal phenotype for the trait varies linearly in 

space.  The survival probabilities of new mutations affecting the trait are found by 

simulation.  Shallow environmental gradients favor mutations that arise nearer to the 

range margin and that have smaller phenotypic effects than do steep gradients.  Mutations 

that become established in shallow environmental gradients typically result in 

proportionally larger range expansions than those that establish in steep gradients.  

Mutations that become established in populations with high maximum growth rates tend 

to originate nearer to the range edge and to cause relatively smaller range expansion than 

mutations that establish in populations with low maximum growth rates.    Under 

plausible parameter values, mutations that allow for range expansion tend to have large 

phenotypic effects (more than 1 phenotypic standard deviation) and cause substantial 

range expansions (15% or more).  Sexual reproduction allows for larger range expansions 

and adaptation to more extreme environments than asexual reproduction.  
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INTRODUCTION 

The limit to the range of some species corresponds to an obvious and abrupt 

change in the environment.  Other range limits, however, occur where the environment 

changes gradually.  In these cases, it is unclear why species fail to adapt at their range 

margins and expand their ranges outwards (Gaston 2003, 2009; Bridle & Vines 2007; 

Kawecki 2008; Sexton et al., 2009). 

Three hypotheses that include evolutionary dynamics have been proposed to 

explain the occurrence of stable range boundaries where environmental change is 

gradual.  The first hypothesis is that there is no genetic variation for the traits that limit 

the range (Hoffmann & Blows 1994; Blows & Hoffmann 2005; Blows 2007; Eckert et 

al., 2008).  In the second hypothesis, gene flow from the center of the species’ range 

prevents adaptation at the periphery (Haldane 1956; Garcia-Ramos & Kirkpatrick 1997; 

Kirkpatrick & Barton 1997).  In the third hypothesis, species ranges are constrained by 

biotic interactions, despite genetic variation for the trait that influences their range (Case 

& Taper 2000; Price & Kirkpatrick 2009). 

The first hypothesis, lack of genetic variation, might seem unlikely since most 

individual quantitative traits show a substantial amount of standing genetic variation 

(Houle 1992).  Consequently, existing genetic models for range limits are virtually all 

based on a quantitative genetic framework that presumes standing variation (Sexton et 

al., 2009).  It appears, however, that tradeoffs or constraints may often cause genetic 

variation for combinations of traits to be limiting (Hansen & Houle 2008; Kirkpatrick 

2009).  Empirical studies have revealed ecologically important traits that do not respond 

to strong selection or for which there is extremely low genetic variation (Hoffmann et al., 

2003; Blows & Hoffmann 2005; Kellermann et al., 2006, 2009; Angert et al., 2008; van 

Heerwaarden 2009).  Thus, insufficient genetic variation may prevent range expansion 
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for many more species than is commonly recognized.  In this case, the survival of a 

beneficial mutation is necessary for adaptation and range expansion. 

Our goal in this paper is to model the expansion of species ranges that results 

from locally advantageous mutations.  We begin our analysis by finding the survival 

probability of a mutation that occurs at a given location and with a given phenotypic 

effect.  Those results form a foundation that we then use to study three basic questions 

about range expansions.  First, where in a species’ range do mutations that cause range 

expansion occur?  One might expect mutations that allow for adaptation to arise in the 

range center where population sizes are larger, and as a result, there is more mutational 

input.  On the other hand, mutations that arise at the range edge experience strong 

selection, and consequently have a higher chance for survival.  Resolving this question is 

of applied as well as fundamental interest: populations that are important for adaptation 

may be targets of conservation efforts.  Second, what are the phenotypic effects of new 

mutations that cause range expansion?  An ongoing debate in evolutionary biology is 

whether the basis of adaptation is typically many mutations of small effect or a few 

mutations of large effect (Orr 2005).  Here we consider this issue in the context of 

mutations that cause range expansion.  Third, how far will a species range typically 

expand following the establishment of a single beneficial mutation?  One would like to 

determine whether a range expands mainly by gradual increases or by large jumps. 

When a species' range is constrained by genetic variation, expansion can occur if 

a new beneficial mutation arises and avoids stochastic loss when rare.  Most 

advantageous mutations are lost by chance shortly after they appear, and this could be a 

key limitation for range expansion.  The survival probability of a beneficial mutation in a 

single population was studied by Fisher (1922, 1930) and Haldane (1927) using discrete 

branching processes, and by Kimura (1962) using a diffusion approximation (see Patwa 
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& Wahl (2008) for a review of more recent developments).  The survival of a mutation in 

discrete subdivided populations has also been studied (Pollak 1966; Maruyama 1974; 

Gavrilets & Gibson 2002; Whitlock 2003; Whitlock & Gomulkiewicz 2005).  Results for 

a population living in a continuous habitat with selection that varies in space will be 

developed in this paper. 

We begin by developing a model for a species living in a continuous environment 

where the optimum value of a quantitative trait (or combination of traits) changes linearly 

in space.  Initially, the population is at a demographic equilibrium and has no genetic 

variation for the trait.  First, we use simulations to determine how the survival probability 

of a new mutation varies as a function of where it originates and the size of its phenotypic 

effect.  This probability is then used to answer our three questions. 

 

MODEL AND ANALYSIS 

The model is motivated by considering a quantitative trait whose optimum varies 

along an ecological gradient in space.  This trait might be, for example, the optimum 

temperature to which individuals are adapted.  We then ask about the properties of 

mutations that affect the trait and that succeed in becoming established.  The assumptions 

are described in terms of a single quantitative trait.  The model also applies to a 

combination of correlated traits for which there is no genetic variation to adapt to the 

environmental gradient.  Most generally, our model applies to any mutation whose 

intrinsic rate of increase varies quadratically in space. 

The population lives in a spatially continuous habitat.  Generations are 

nonoverlapping.  Following birth, juveniles disperse according to a Gaussian kernel with 

mean 0 and variance 

! 

" d
2 .  Individuals reproduce at a rate that is determined by their 
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fitness, which in turn depends on two factors.  The first is the local population density.  

We assume there is a carrying capacity K that is equal at all points in space.  The second 

is the degree to which the individual's phenotype matches the local trait optimum, which 

is denoted θ(x) at point x.  Fitness declines as a Gaussian function of the deviation of the 

individual's phenotype from the optimum; the width (variance) of the fitness function is 

VS.  The expected fitness of an adult with phenotype z living at point x is 

 

 

! 

w(z,x) = exp rmax 1"
n(x)
K

# 

$ 
% 

& 

' 
( "
[)(x) " z]2

2VS

* 
+ 
, 

- 
. 
/ 

, (1) 

 

where rmax is the logarithm of the maximum possible fitness, and n(x) is the total 

population density at point x.  The phenotypic distribution of a genotype is assumed to be 

normal with environmental variance VE.  The number of offspring left by an adult is 

Poisson-distributed with the expectation given by equation (1).  In the cases studied here, 

the optimum for the trait θ(x) is assumed to change linearly in space: θ(x) = bx.  

Therefore the parameter b measures the steepness of the environmental gradient in space.  

These assumptions about density dependence and selection are essentially the same as 

those of Kirkpatrick and Barton (1997), adapted to discrete time. 

The fitness of an individual depends on the population density at location x.  We 

consider cases in which a new mutation invades a resident population that is at a 

demographic equilibrium.  We use two approaches to determine n(x) for the residents.  

The first approach, which we term the “deterministic approximation”, assumes that the 

resident population densities are sufficiently high that demographic stochasticity can be 

ignored.  The population densities in the following generation are then given by 
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! 

N '(X) = W (X) 1
2"
exp # 1

2 (X #Y )2{ }N(Y )dY
#$

$

%  (2) 

 

where 

 
 

! 

W (X) = exp r*[1" N(X)]" 1
2 (BX " Z)2{ } (3) 

 

is the mean fitness at location X.  Equations (2) and (3) have been simplified by 

using rescaled measures of spatial location, mean phenotype, and population density:  

 

 

! 

X =
2

" d

x ,   

! 

Z =
z 
VS

,
  

! 

N(X) =
8rmaxVS n(X)
4VSrmax "VE( )K

. (4) 

 

Space is now measured in units of the standard deviation of dispersal, and the trait 

is measured in units defined by the width of the fitness function.  The rescaled measure 

for density is more difficult to interpret, but it simplifies in the biologically plausible case 

that selection is weak 

! 

VE << 4VSrmax( ).  Then N(X) is approximately twice the population 

density n(X) measured relative to the carrying capacity K.  Without loss of generality, we 

define the mean phenotype of the resident population to be Z = 0.  

The advantage of this rescaling is that it reduces the number of independent 

parameters from six to two.  These are a rescaled measure of the steepness of the 

environmental gradient,  

 

 

! 

B =
b" d

2VS

,  (5) 
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and a rescaled measure of the maximum intrinsic rate of increase, 

 

 

! 

r* = rmax "
VE

2VS

. (6) 

 

Equation (2) shows that the density of individuals in the next generation at point X 

depends on how many adults there are following dispersal (represented by the integral) 

and their average fitness at that point in space (represented by 

! 

W (X)). To find the 

deterministic equilibrium of the resident population, 

! 

ˆ N (X), we iterated equation (2) 

numerically until equilibrium was reached.   

This deterministic approximation for the resident population densities assumes 

that demographic stochasticity can be ignored.  The appeal of this approach is that it 

allows results to be computed quickly.  A potential drawback is that this approximation is 

expected to be particularly poor near the range edge, where densities are low.  To 

determine if the results are sensitive to this approximation, our second approach, referred 

to as the “full stochastic model”, explicitly accounts for demographic stochasticity.  We 

used an individual based simulation that tracks the movement and reproduction of each 

individual in the resident population.  The carrying capacity per unit space, X, was set to 

10,000 individuals.  The spatial limits of the simulation were plus and minus four 

standard deviations of the resident density distribution calculated from the deterministic 

approximation.  Density regulation (see Eq. [3]) was enforced by dividing the range into 

241 equally-spaced intervals and using the number of individuals within each interval to 

determine the local density.  Before a mutation was introduced, simulations were run 

until a stochastic equilibrium was reached (500 generations). We verified that the results 

are insensitive to the carrying capacity and number of spatial intervals by doubling and 
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halving each of those parameter values and verifying that the results did not change 

significantly.   

We begin the analysis by considering the fate of a mutation that arises at location 

X with mean phenotypic effect δZ (measured in terms of the rescaled units defined by Eq. 

[4]).  In the case of an asexual (or haploid) population, δZ is the mean effect of the 

mutation on all individuals that carry it, while for a sexual diploid population, it is the 

difference in mean phenotype between mutant heterozygotes and the resident 

homozygotes.  We use p(X, δZ) to denote the survival probability of such a mutation.  

That probability was determined using individual-based simulations.   We assume that a 

mutation either is lost when it is initially rare or that it rises to a sufficiently high 

frequency that it persists indefinitely.  If it does so, we say the mutation is “established”.  

A mutation never becomes fixed throughout the range because the resident genotype 

always has higher fitness in part of the range and so persists there.     

The probability of establishment was determined using both approaches to find 

the resident population density.  With the deterministic approximation, we assume that 

the mutation's density is sufficiently small relative to the carrying capacity that it has a 

negligible effect on its own fitness during the critical time its fate is decided.  With the 

full stochastic model, we allow the number of mutant individuals to contribute to the 

local density and so affect fitness.   In both approaches, a single mutation is introduced to 

the resident population and the fate of its descendants are followed by an individual-

based simulation.  The mutation is assumed to be established if the number of copies 

exceeded 500.  We verified that increasing this value has a negligible effect on the 

results.  Simulations were run 104 times for each set of parameters, which gives a 

maximum relative error for the survival probabilities of 1.0%.   
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Two additional approximations for the probability of establishment are possible 

when considering weak selection (

! 

W (X) - 1 << 1) and the limit of no dispersal.  The first 

approximation, referred to as the “density-dependent” probability of establishment, was 
calculated numerically by 

! 

p ˆ N (X )(X,"Z ) # 2[W (X) $1], where 

! 

W (X) is the mean fitness at 

location X (given by Eq. [3]) when resident population density is at its deterministic 

equilibrium N(X) = 

! 

ˆ N (X).  The second approximation, referred to as the “density-

independent” probability of establishment, was calculated analytically by 

! 

p0(X,"Z ) # 2[W (X) $1], where 

! 

W (X) is the mean fitness at location X when the resident 

population density is zero everywhere N(X) = 0.  These approximations are based on 

Haldane’s (1927) approximation for the fixation probability of a single mutation under 

weak selection.    

 

 RESULTS 

We begin this section by finding the probability of establishment of a mutation 

that arises in the population with a given phenotypic effect and at a given spatial location.  

Next, we ask where mutations that successfully establish tend to originate, taking into 

account the variation in space of mutational input caused by differences in the densities 

of the residents.  We then study the distribution of phenotypic effects of mutations that 

become established.  Last, we look at what affects the size of a range expansion caused 

by the establishment of a new mutation. 

Establishment of a new mutation 

Figure 1 shows the probability of establishment p(X, δZ) of a mutant allele that 

originates at location X and has phenotypic effect δZ .  For a given combination of 

parameters, there is a spatial origin where the probability of establishment is maximized.  
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That point depends on two factors: where the mutation has highest fitness in the absence 

of density effects, and the density effects of the residents.  In the absence of density 

effects, a mutation with phenotypic effect δZ has highest fitness (or intrinsic rate of 

increase) at X* = δZ / B.  We refer to this point in space as the mutation's "ecological 

optimum", and it is indicated by the arrows in figure 1.  The origin that maximizes the 

probability of establishment of a mutation is displaced from X* because of competition 

from the residents.  The effect of competition is to decrease the establishment of 

mutations that originate close to the center of the species' range near the mutation's 

ecological optimum.  The probability of establishment calculated from the deterministic 

approximation (Fig. 1, curves) does not differ significantly from results based on the full 

stochastic model (Fig. 1, closed circles).  
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Figure 1:   The survival probability p(X, δZ) of a mutation as a function of where it 
originates and its mean phenotypic effect found using the deterministic 
approximation (dark curve). The circles show the survival probability 
including the effect of demographic stochasticity of the resident population.  
The deterministic equilibrium of the resident population density is the gray 
curve.  The arrow shows the location where the mutation is optimally 
adapted.  The left column shows the effect of changing the mean effect of 
the mutation (δZ) for B = 0.5 and r* = 1.  The middle column shows the 
effect of changing the slope of the environmental gradient (B) for r* = 1 and 
δZ = 0.6.  The right column shows the effect of changing the maximum 
growth rate (r*) for B = 0.2 and δZ = 0.6. 



 15 

A mutation with a small phenotypic effect δZ has an ecological optimum close to 

the range center, where the resident population density is high.  As a result, it will suffer 

greater competition from residents than will a mutation of large effect.  Consequently, the 

maximum probability of establishment increases with δZ, and the spatial origin with 

maximum survival shifts closer to the mutation’s ecological optimum (Fig. 1, left 

column). 

As the environmental gradient B steepens, the maximum probability of 

establishment decreases and the location that maximizes survival moves closer to the 

ecological optimum (Fig. 1, center column).  These patterns result from an interaction of 

three factors.  First, we see that the range size (width) and maximum density of the 

resident population decreases.  Second, the ecological optimum for a mutation shifts 

closer to the range center where competition from the residents is higher.  Third, fitness 

declines more rapidly as mutants move away from their ecological optimum.  

Increasing the population's maximum growth rate r* affects the probability a 

mutant will establish in two ways (Fig. 1, right column).  First, the probability of 

establishment increases for a mutation that originates at a given spatial location.  This is 

because as the maximum growth rate increases, more mutant offspring are produced, 

which decreases the probability that all copies of the mutation will be lost by chance.  

Second, the spatial origin at which a mutant's survival probability is maximized moves 

farther from its ecological optimum.  That pattern is a consequence of increased 

competition from residents around X = 0. 

Figure 2 compares results from individual-based simulation (solid curve) with the 

simplified density-dependent (dashed curve) and density-independent (dotted curve) 

approximations for the limit of no dispersal.  The accuracy of these two approximations 

depends on the parameters δZ, B, and r*.  The density-dependent approximation performs 
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best when δZ is small, and consequently the ecological optimum of the mutation is 

located where the resident density is high (Fig. 2, left column).  The density-independent 

approximation becomes more accurate as the phenotypic effect δZ of the mutation 

increases.  Both approximations become more accurate as the population’s maximum 

growth rate r* and the slope of the environmental gradient B decrease (Fig. 2, center and 

right column). 

 

Figure 2: The survival probability p(X, δZ) of a mutation calculated by individual-
based simulations (solid curve) compared to the density-dependent (dashed 
curve) and density-independent (dotted curve) approximations for the 
survival probability as a function of where the mutation originates and its 
mean phenotypic effect.  The deterministic equilibrium of the resident 
population density is the gray curve.  The left column shows the effect of 
changing the mean phenotypic effect of the mutation (δZ) for B = 0.05 and 
r* = 0.1.  The middle column shows the effect of changing the slope of the 
environmental gradient (B) for r* = 0.1 and δZ = 0.2.  The right column 
shows the effect of changing the maximum growth rate (r*) for B = 0.05 and 
δZ = 0.2. 
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A major source of error in these two approximations comes from dispersal.  The 

effect is most easily seen at the point in space where a mutant’s local fitness drops below 

1.  The approximations say that a mutant has zero probability of establishment wherever 

the average fitness is less than 1.  With even weak migration, however, there is some 

chance that the mutation will diffuse into a region where its intrinsic rate of increase is 

positive and so have the opportunity to become established. 

The spatial origin of successful mutations 

In the previous section, we determined the probability of establishment of a 

mutation that originated at a specific spatial location with a given phenotypic effect.  In 

this section, we take into account how changes in resident population density in space 

affect where mutations arise.  The higher the resident population density, the more 

frequently mutations appear.  To find the frequency F(X) that mutations arising at point X 

become successfully established, we integrate over all possible mutant phenotypic effects 

δZ: 

 
 

! 

F(X) = ˆ N (X)µ" (#Z ) p(X,#Z )d#Z , (7) 

 

where µ(δZ) is the mutation rate for mutations with mean phenotypic effect δZ.  To 

evaluate (7), we assume that µ(δZ) is proportional to a normal distribution with mean 0 

and variance 

! 

"m
2 .  A review of the literature on mutation rate (Drake et al., 1998), 

mutational heritability (Houle et al., 1996), and strength of stabilizing selection 

(Kingsolver et al., 2001) suggests that 

! 

"m
2  may typically take values between 0.1 and 1.  

For simplicity, we fixed the mutational variance at 

! 

"m
2  = 1 (or 1/Vs after rescaling 

according to Equation (4)).  The diploid genomic mutation rate was set to 1;  our results 
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for the establishment frequency can be applied to any other mutation rate by simply 

multiplying our values of F(X) by that rate.  F(X) was calculated by integrating equation 

(7) numerically.  

Figure 3 shows the results.  As the slope of the environmental gradient B 

increases, the frequency of establishment decreases and the location that maximizes 

survival moves closer to the center of the species' range (Fig. 3, left column).  As the 

maximum growth rate r* increases, the frequency of establishment increases and the 

location with the highest frequency of establishment shifts towards the range edge (Fig. 

3, right column). These patterns are partly a result of where more mutations occur in the 

population due to high density.  When the mutational variance is high (

! 

"m
2  = 1), the 

frequency of establishment is higher and the location that maximizes establishment is 

closer to the range edge than when the variance is low (

! 

"m
2  = 0.1) (Fig. 3, dashed vs. solid 

black curves). 
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Figure 3: The frequency of establishment F(X) of mutations as a function of where 
they originate found using the deterministic approximation (solid and 
dashed curve).  The mutation variance is 

! 

"m
2  = 0.1 (solid curve) and 

! 

"m
2  = 1 

(dashed curve). The circles show the survival probability including the 
effect of demographic stochasticity (solid circles, 

! 

"m
2  = 0.1, and open 

circles, 

! 

"m
2  = 1).  The deterministic equilibrium of the resident population 

density is the gray curve.  The left column shows the effect of changing the 
slope of the environmental gradient (B) for r* = 1. The right column shows 
the effect of changing the maximum growth rate (r*) for B = 0.2.  In all 
cases we assume selection is weak 

! 

(VE << 4VSr *+2VSVE ), and so changes in 
B and r* do not affect the scaling of N and hence the rate of mutations 
entering the population. 
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Once again, the deterministic approximation for the resident density gives results 

that are virtually identical to the full stochastic model (Fig. 3, points vs. curves).  

Although the effects of demographic stochasticity in the residents are pronounce at the 

edge of the range, that part of the population contributes very little to the patterns that we 

are studying.  Since the deterministic approximation is much more rapid to compute, we 

will present results based only on that method in the rest of the paper. 

Phenotypic effects of successful mutations 

We now consider the phenotypic effects of mutations that successfully establish.  

The frequency that mutations with mean phenotypic effect δZ become established is 

found by integrating over all spatial locations: 

 
 

! 

P("Z ) = ˆ N (X)µ# ("Z ) p(X,"Z )dX . (8) 

 

We evaluated (8) by numerical integration. 

The results are shown in figure 4.  The phenotypic values of new mutations that 

allow for range expansion are large.  For the parameter values analyzed, the modes of the 

mean phenotypic effects are approximately 0.5 or greater.  That value corresponds to 

about 1.5 phenotypic standard deviations (assuming width of the fitness function is 10 

times the environmental variance, VS = 10VE, Johnson & Barton 2005).  The mode 

increases as the slope of the environmental gradient increases.  Mutations with small 

phenotypic effects have little chance of becoming established.  That is because they are 

nearly selectively neutral with respect to the residents.  Our model assumes that the 

resident population size is effectively infinite, therefore, a neutral mutation has zero 

probability of surviving.  The frequency of establishment is maximized by mutations of 
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intermediate effect.  Mutations with large effect are rare and have an ecological optimum 

that is far in space from where they typically originate, and consequently they have a very 

low chance of establishing. 

 

Figure 4: The frequency of establishment P(δZ) of mutations as a function of their 
mean phenotypic effect.  The rate new mutations arise with mean 
phenotypic effect δZ is the gray curve.  Top panels:  the mutational variance 
is 

! 

"m
2  = 0.1;  bottom panels:  

! 

"m
2  = 1.0;  left panels:  maximum growth rate 

is r* = 1;  right panels:  slope of the environmental gradient is B = 0.2. 
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As the slope of the environmental gradient increases, the frequency of 

establishment decreases and the phenotypic effect that maximizes the frequency of 

establishment increases (Fig. 4, left column).  This pattern is the result of increased 

competition for mutations optimally adapted near the range center and larger fitness 

decreases as individuals move away from their ecological optimum.  For the parameters 

we studied, mutations with phenotypic values less than 0.65 do not allow for adaptation 

to steep environmental gradients (B = 1).  This threshold results because mutations with 

small effects are optimally adapted close to the range center where they suffer strong 

competition from the resident population.  As the maximum growth rate increases, the 

frequency of establishment of all phenotypic values increases and the phenotypic value 

that maximizes survival changes little (Fig. 4, right column).  As the mutational variance 

increases from 0.1 to 1, the range of phenotypic values that survive increases and the 

phenotypic value that maximizes establishment increases (Fig. 4, top row vs. bottom 

row). 

The size of range expansions 

Next, we ask how much a species’ range expands as the result of a mutation 

successfully establishing.  Our measure is R, the relative range expansion, measured as 

the proportional change in the range size of the residents.  We defined range size as the 

distance between the leftmost and rightmost points at which the population density is half 

of its maximum value in the resident population. 

We considered asexual and sexual reproduction.  In the case of asexuals, the 

population is composed of resident and mutant genotypes.  The mean number of 

offspring for each genotype is determined by equation (3), with a mean phenotype Z = 0 

for residents and Z = δZ for mutants, and N(X) equal to the sum of the densities of both 
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genotypes at X.   In the case of sexual reproduction, we assumed mutations have additive 

effects (no dominance).  The population now consists of three genotypes: resident 

homozygotes, mutant heterozygotes, and mutant homozygotes.  Mates are found within a 

spatial neighborhood defined by a Gaussian mating kernel with mean 0 and variance 1.  

(The following results are also robust to mating kernels with variance less than 1.)  The 

mean phenotypes are Z = 0 for resident homozygotes, Z =  δZ  for mutant heterozygotes, 

and Z = 2 δZ for mutant homozygotes.  We determined the new demographic equilibrium 

for the entire population by iterating equation (2) for each genotype simultaneously 

forward in time until equilibrium was reached.   At the new equilibrium, the density 

distribution in space remains unimodal when the phenotypic effect is small, but it 

becomes bimodal for asexuals and trimodal for sexuals when the mutation has a large 

effect. 

We are interested in calculating the probability density function for the relative 

range expansion.  This calculation depends on two functions: the function relating the 

relative range expansion to the mean phenotypic effect of a mutation and the density 

function for the phenotypic effects of new mutations that become established.  Both of 

these functions were evaluated numerically and then the method of transformations 

(Mendenhall et al., 1981) was used to calculate the density function for the proportion of 

range expansion.  The results for low (

! 

"m
2  = 0.1) and high (

! 

"m
2  = 1) mutation variance 

reveal similar trends, therefore, only the results for low mutational variance are presented 

here. 

Figure 5 shows how the relative range expansion is affected by the environmental 

gradient, the maximum growth rate, and the reproductive mode.  Individual mutations 

that successfully establish often lead to substantial increases in the range.  Under the 

parameter values that we used, the modes for the relative range expansion fall near 15%.  
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Variation around the mode increases as the environmental gradient decreases, and with B 

= 0.2 it is not rare for mutations in sexual populations to cause the range to increase by 

50% or more. 

 

Figure 5: The frequencies of the relative range expansion caused by new mutations.  
The top panels are asexual reproduction and the bottom panels are for sexual 
reproduction.  Left panels:  maximum growth rate is r* =1;  right panels:  
the slope of the environmental gradient is B = 0.2.  For all panels the 
mutation variance is 

! 

"m
2  = 0.1. 
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A striking pattern is that sexual reproduction leads to larger range expansions than 

asexual reproduction (Fig. 5, top vs. bottom rows).  The reason for this effect is that the 

establishment of a mutation in sexual populations depends on its heterozygous effects.  

(That is because survival is determined when the mutation is still very rare, and virtually 

all its copies appear in heterozygotes.)  Those mutations that do establish increase in 

frequency, and when they do so homozygotes are generated.  Homozygotes have more 

extreme phenotypes and therefore are adapted to regions further from the range center, 

allowing range expansion into that region of space.  In asexual populations, however, 

only one new genotype is created by a mutation.  If the mutation establishes, it is only its 

initial phenotypic effect that allows the species to expand in space. 

 Other effects of the parameters can be seen in figure 4.  As the environmental 

gradient B decreases, the average size of relative range expansions increases (Fig. 5, left 

column).  This pattern is the result of an increase in the spatial origin that maximizes 

survival as the slope of the environmental gradient increases (shown in Fig. 5, left 

column).  As the maximum growth rate r* increases, the average relative range expansion 

decreases, but this effect is small (Fig. 5, right column). 

 

DISCUSSION 

Populations can adapt to new environments in two ways:  selection on standing 

genetic variation or selection on new mutations.  While there is empirical evidence for 

both processes (e.g. Houle (1992) and Grant & Grant (1995) for standing variation;  

Mongold et al. (1999), Ferris et al. (2007), and Sabeti et al. (2007) for new mutations), 

their relative importance remains unknown.  Range limits in some natural populations 

appear to result from insufficient genetic variation for a trait or genetic correlations of 



 26 

traits opposing the direction of selection (Jenkins & Hoffmann 1999; Hoffmann et al., 

2003; Etterson & Shaw 2001; Griffith & Watson 2006; Kellermann et al., 2006, 2009; 

Angert et al., 2008, 2009; van Heerwaarden 2009).  Range expansion in these cases 

depends on the establishment of new mutations.   

Our model is the first to study species range expansion by mutations in a spatially 

continuous population with no genetic variation.  Previous models have assumed there is 

standing genetic variation available for adaptation to the environment (Holt & 

Gomulkiewicz 1997; Kirkpatrick & Barton 1997; Gomulkiewicz et al., 1999; Case & 

Taper 2000; Barton 2001; Holt 2003; Filin et al., 2008; Polechova et al., 2009; Price & 

Kirkpatrick 2009).  The results in this paper provide a new set of hypotheses for how 

range limits evolve. 

Our results are consistent with previous results for discrete demes.  When discrete 

demes (or metapopulations) experience heterogeneous selection, low migration rates 

favor establishment of a new mutation (Nagylaki 1980; Tachida & Iizuka 1991; Gavrilets 

& Gibson 2002; Whitlock & Gomulkiewicz 2005; Vuilleumier et al., 2008).  In our 

model, low migration (or, equivalently, a shallow environmental gradient) likewise 

favors establishment provided that the resident population has not already filled the entire 

habitat.  In the case of a single deme, increasing the population growth rate increases the 

establishment probability of an advantageous mutation (Otto & Whitlock 1997).  This 

pattern is also seen in our model, despite the fact that larger values of r* also increases 

the density of residents and the amount of competition that new mutants face.   

We used the results on mutant survival probability to investigate three questions.  

The first is where in a species’ range successful mutations tend to originate when we 

account for the fact that regions of high population density experience a greater input of 

mutations.  In steep environmental gradients, mutations that establish tend to arise closer 
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to the range center.  With a high maximum growth rate, successful mutations tend to 

originate near the range edge.  These observations show the relative importance of central 

and peripheral populations to long-term adaptation (and perhaps survival) of a species 

depends on demographic and ecological variables.  Consequently, it does not seem 

possible to make generalizations that might be helpful, for example in the context of 

conservation planning.   

The second issue we considered is the size of phenotypic effects of new mutations 

that cause range expansion.  For the parameter values analyzed, most range expansions 

resulted from mutations with large phenotypic effects.  A typical effect size of δZ = 0.5 

seen in figure 4 corresponds to about 1.5 phenotypic standard deviations (assuming VS = 

10VE, Johnson & Barton 2005).  Adaptation to steeper environmental gradients results 

from mutations of relatively larger phenotypic effects than adaptation to shallow 

gradients.  The third topic is the size of the range expansion following the establishment 

of a single mutation.  With plausible parameter values, a successful mutation might 

typically have a substantial effect, increasing the range by 15% or more.  Shallow 

environmental gradients lead to proportionally larger range expansions than do steep 

gradients.  Further, the reproductive mode has an effect:  when mutations have additive 

effects, sexual reproduction leads to larger range increases than does asexual 

reproduction.  This difference disappears, however, if mutations are dominant or 

individuals are haploid. 

Here we study cases in which the resident population density is at equilibrium 

when a single mutation arises.  More generally, our model applies to consecutive 

mutations provided a new equilibrium is reached before each mutation.  Previous models 

of single populations show that mutations that arise in growing populations have a higher 

chance of establishment than those appearing in populations at equilibrium (Otto & 
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Whitlock 1997).  We expect a similar qualitative effect applies in spatially continuous 

settings.  This would be relevant, for example, when a species is invading a new habitat.  

We expect that details of how population growth affects the quantities that we have 

studied (the sizes of mutant phenotypic effects, the spatial locations where successful 

mutations tend to originate, etc.) depend on the details of how the population grows in 

space and time.  

What effect does dispersal have on the probability that a mutation establishes?  

The dispersal variance does not explicitly appear in the final parameterization of our 

model as it has been absorbed into the compound parameters B and X.  Increasing the 

dispersal variance increases B, effectively increasing the change in the environmental 

optimum per unit movement, and decreases X, effectively causing individuals to disperse 

further each generation.  These effects decrease the mutant survival probability and 

frequency of establishment.    

Our analysis has limitations.  We found approximations for the survival 

probability for the limiting cases of a shallow environmental gradient and weak dispersal 

and selection.  These approximations apply to a very narrow range of parameter values 

where B << 1 and r* << 1.  There are two limiting cases that can be solved analytically.  

When B is zero (that is, there is no environmental gradient or no dispersal), the resident 

population will expand to fill the entire landscape.  At the other extreme, when B is 

sufficiently large (a steep gradient or a large dispersal variance) the population goes 

extinct everywhere.  (The conditions leading to these outcomes are described in 

Kirkpatrick and Barton (1997).)  Neither of these cases is informative for our model, 

since a new mutation cannot become established in either.  

Our model assumes the simplest pattern of spatial variation:  the trait optimum 

varies linearly in space.  It does not seem possible to do a complete analysis of arbitrary 
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patterns simply because the number of possibilities is infinite.  We can, however, 

anticipate some generalizations.  If the optimum varies at very fine spatial scales, one 

expects that movement of individuals across the habitat will have an averaging effect and 

result in patterns similar to what we found.  By analogy with models of clines (Slatkin 

1973), this argument is expected to apply to spatial variation on a scale that is 

substantially smaller than σd, the standard deviation of dispersal.  At the other spatial 

extreme, when departures from linearity in the environmental gradient occur on spatial 

scales much greater than σd, our results should provide good approximations for each 

segment of the gradient. 

How might the role of new mutations in the evolution of species’ ranges be 

studied empirically?  Recently-developed methods based on analysis of neutral DNA 

polymorphism are able in principle to distinguish between recent adaptation based on 

standing genetic variation and adaptation resulting from a new favorable allele (Barrett & 

Schluter 2008).  These techniques are most effective when the genomic region involved 

has been identified.  In the absence of that information, it may be possible to identify 

candidate regions using a genomic scan to find chromosome segments that are most 

geographically differentiated, for example with high FST (Sabeti et al., 2007).  The 

genomic resources for this approach, however, are substantial.  Furthermore, once loci 

associated with local adaptation are identified, additional evidence would be needed to 

show that they were the cause (rather than an evolutionary consequence) of range 

expansion.   

Another strategy is to focus on situations where the environmental gradient is 

clear and the trait that responds to it can be readily identified (Bridle et al., 2009).  Plants 

that have locally evolved tolerance to heavy metals in soils (Brady et al., 2005) appear to 

be a prime candidate for this strategy.  Genetic analysis might be coupled with transplants 
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and genetic crosses (see Angert et al. (2008) and Angert (2009)) to test the role of single 

genes in promoting range expansion. 

Several extensions of this model would allow for a better understanding of the 

processes that control geographical ranges.  Our model is of a single quantitative trait 

whose optimum is static in time and varies linearly in space.  One extension would be to 

consider the interaction of multiple environmental gradients, a situation thought to cause 

range boundaries for many organisms (Etterson & Shaw 2001).  Second, it would be of 

interest to study environmental gradients that are not constant in space.  In particular, 

many gradients may be shallow near the range core and steeper towards the range edge.  

We expect the survival probability of mutations that originate near the range center to 

decrease because a larger portion of the range has high population density and the 

survival probability of mutations that originate near the range edge to decrease as 

individuals move further away from their ecological optimum faster.  Third, one might 

consider alternatives to equation (1) to describe selection and population regulation.  

Under our assumptions, the initial resident density distribution 

! 

ˆ N (X) is similar in form to 

a Gaussian distribution.  Other forms of density dependence will produce different 

density distributions and also affect results for the other quantities we have considered.   

Finally, it is evident that environmental conditions change over time.  

Anthropogenic changes to the global climate are focusing increased attention on the role 

that adaptation might have (or not have) in the survival of species.  In many cases, lack of 

alternative habitat and demographic challenges may preclude the opportunity for species 

to avoid extinction via adaptation.  The survival of new mutations may play an important 

role in species evolution and persistence.  The model developed in this paper offers the 

start of a theoretical foundation for studying that process. 
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Chapter 3:  Spatial Forecasting of Switchgrass Under Current and 
Future Climate Change Scenarios2   

 

ABSTRACT 

Evaluating the potential of alternative energy crops across large geographic 

regions, as well as over time, is a necessary component to determining if biofuel 

production is feasible and sustainable in the face of growing production demands and 

climatic change.  Switchgrass (Panicum virgatum L.), a native perennial herbaceous 

grass, is a promising candidate for cellulosic feedstock production.  In this study, current 

and future (from 2080 to 2090) productivity is estimated across the central and eastern 

U.S. using ALMANAC, a mechanistic model simulates plant growth over time.  Field 

trials in 11 states form the basis to parameterize and validate the model for representative 

ecotypes of switchgrass.  The results of these simulations indicate substantial variation in 

switchgrass yield both within regions and over time.  Florida and the Gulf Coast of Texas 

and Louisiana have the highest predicted current and future yields.  However, these areas 

also contain critical wetland habitat necessary for the maintenance of biodiversity.  The 

Great Plains were found to have variable yields under current climate conditions but are 

expected to experience large increases in productivity by 2080 to 2090 due to climate 

change.  In general, regions where future temperature and precipitation are predicted to 

increase, larger future yields can also be expected.  In contrast, regions that show a future 

decrease in precipitation are associated with smaller future yields.  Climate alone does 

not explain all changes in future yield.  For example, future increases in temperature and 

precipitation for many southeastern states do not increase expected future yields.  In these 

areas, other factors such as nutrient limitations or soil texture may be limiting growth. In 
                                                
2A version of the material presented in this chapter is in review at Ecological Applications. 
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order to minimize land conversion and loss of biodiversity, areas that currently have and 

maintain high yields under climate change should be targeted for their long-term growth 

potential. 

 

INTRODUCTION 

Increased production of renewable energy from biofuels will help reduce our 

national reliance on foreign fossil fuels and reduce greenhouse gas emissions.  

Approximately 1 billion megagrams (Mg) of biomass is needed to replace 30% of current 

fossil fuel demand with biofuel.  Since food supplies and livestock feed are already 

competing with ethanol produced from corn (Zea mays), alternative energy crops need to 

be grown to meet biomass demands (Perlack et al., 2005).  Large-scale biofuel 

production is expected to impact the economy as well as biodiversity, land-use, 

greenhouse gas emissions, and biogeochemical cycling (Demirbas, 2009; Dale et al., 

2011; Robertson et al., 2011; Secchi et al., 2011; Wiens et al., 2011).  The magnitude of 

potential changes will depend on the location and the amount of land needed to meet 

production demands.  The quantity of biomass depends on many factors including: the 

species, climatic conditions, and management.   

Switchgrass (Panicum virgatum L.), a native perennial herbaceous grass, is a 

promising candidate species for cellulosic feedstock production (Schmer et al., 2008).  

Switchgrass can grow with low nutrient and little or no agrochemical inputs, but it also 

responds to nutrient additions and irrigation (Sanderson et al., 1996, McLaughlin et al., 

2006).  Reasonable biomass yields have been measured on many soil types and under 

drought stress conditions (Sanderson et al., 1996; McLaughlin et al., 2006; Sanderson et 

al., 2006).  Harvesting of switchgrass instead of traditional row crops improves soil 
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quality and water conservation by reducing runoff (Bransby et al., 1998; McLaughlin & 

Kszos, 2005).   Field trials also report high yield potential and the possibility of enhanced 

productivity through genetic breeding (McLaughlin & Kszos, 2005; McLaughlin et al., 

2006).  Discrete field trials have advanced our understanding of the effects of 

management, soil type, soil properties (e.g. pH, nitrogen, moisture content), and genetic 

variation on switchgrass productivity (Stout et al., 1988; Hopkins & Taliaferro, 1997; 

Muir et al., 2001; Casler & Boe, 2003; Fike et al., 2006).  However, productivity needs to 

be assessed over large geographic regions to determine if biofuel production from an 

alternative energy crop is feasible and sustainable at a large scale (Hall, 1997). 

Current switchgrass yields are affected by spatial variation in temperature and 

precipitation (Casler & Boe, 2003; Casler et al., 2004).  Future climate change may 

similarly alter the capacity of biofuel production.  Changes in climatic conditions over 

time, along with elevated atmospheric carbon dioxide concentrations, should be 

considered to ensure maintenance of high yields without supplemental nutrients and 

irrigation.  Assessing future productivity has the added benefit of potentially minimizing 

the amount of land conversion needed to meet production demands.  Land-use change 

increases greenhouse gas emissions and is a primary factor responsible for the loss of 

biodiversity (Searchinger et al., 2008; Fletcher et al., 2011). 

Large-scale geographic models can be used to evaluate the current potential of 

switchgrass for biofuel production.  Previous studies have modeled yields or assessed the 

suitability of switchgrass across large geographic regions by using correlational 

approaches, such as generalized linear, generalized additive, and species distribution 

models (Barney & DiTomaso, 2010; Evans et al., 2010; Jager et al., 2010; Wullschleger 

et al., 2010).  This type of modeling provides initial insight into the factors effecting 

biomass.  However, at a large spatial extent and resolution, these models take into 
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account very little information about soil properties and crop management, both of which 

are known to have a sizeable effect on yield (Muir et al., 2001; Fike et al., 2006).   

Alternatively, mechanistic models (e.g. Agricultural Land Management and 

Numerical Assessment Criteria (ALMANAC) and Erosion Productivity Impact 

Calculator (EPIC)) that require detailed and fine scale information on plant physiology 

and measured environmental variables are used to simulate plant growth over time at a 

single field location (Williams et al., 1989; Kiniry et al., 1996).  ALMANAC is a 

process-oriented model designed to simulate the growth and competition of plant 

communities (Kiniry et al., 1992).  It has been extensively used to analyze plant 

community dynamics, phenology, water use efficiency, radiation use efficiency, and 

estimate crop yields (Kiniry et al., 2005; Kiniry et al., 2008a; Kiniry et al., 2011).  For a 

mechanistic model to be capable of making realistic predictions over large geographic 

regions, it must be spatially parameterized and explicitly incorporate the factors that are 

known to effect productivity (i.e. management scheme, climate conditions, and soil 

attributes).  Field management is explicitly defined within the ALMANAC model, and 

incorporates information on planting, harvesting, tilling, fertilizer application, and 

irrigation.  Management strategies to maximize economic profits for switchgrass are 

aimed at eliminating irrigation and low levels of fertilizer application (Hill et al., 2006).  

Weather and wind databases are built into the ALMANAC interface.  County soil data 

can be downloaded from the USDA-NRCS web soil survey site, and crop parameters 

may be measured in the field or taken from the literature.   

The ALMANAC model has been parameterized for adapted ecotypes of 

switchgrass and used to realistically simulate switchgrass yields in 11 states across the 

Great Plains of the U.S. (Kiniry et al., 1996; Kiniry et al., 2005; McLaughlin et al., 2006; 

Kiniry et al., 2008a; Kiniry et al., 2008b).  Field studies and extensive validation of the 
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ALMANAC crop parameters for switchgrass provides a unique opportunity to use a 

previously validated mechanistic model to predict switchgrass yields across a large 

spatial extent.  For this study, the ALMANAC software interface was extended to run 

numerous field locations across several states consecutively.  This implementation of 

ALMANAC, called GeoALMANAC, is available on the USDA-ARS website 

(http://www.ars.usda.gov/Main/docs.htm?docid=16601).  The ALMANAC model was 

then parameterized across the central and eastern U.S. and used to predict switchgrass 

yields for current climate conditions and two climate change scenarios.  The relationship 

between changes in yield and future temperature and precipitation were analyzed.  This 

information was used to locate regions that should be targeted for biomass production to 

maximize current and future yields.  

 

MATERIALS AND METHODS 

This section begins by providing a general description of the functions in the 

ALMANAC model used to simulate crop growth.  Then an explanation of how the crop 

parameters were adjusted spatially is provided, and the management schedule is 

described.  Next, the climatic (weather and wind) and environmental (soil) variables are 

explained.  Lastly, the model verification step and the adjustment of the model 

parameters for future climate change are described. 

General model description 

The ALMANAC model contains detailed functions to simulate growth.  These 

include light interception, competition for water and nutrients, biomass production and 

partitioning (Kiniry et al., 1992).  The model runs on a daily time step.  Light interception 

is simulated by Beer’s Law and depends on total leaf area and height of the canopy 
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(Kiniry et al., 1992).  The water and nutrient balance subroutines are from the Erosion 

Productivity Impact Calculator (EPIC) model (Williams et al., 1989). Biomass is 

partitioned into roots and leaves.  The model assumes leaf area increases from zero at 

planting to 95% of its potential leaf area index when 20% of the potential heat units are 

accumulated (Kiniry et al., 1996).  Leaf area declines when 70% of potential heat units 

have accumulated for the season.  Twenty percent of daily growth is partitioned to roots 

when growth is initiated and this decreases to 10% by flowering time. 

Crop parameters and management 

In this study, the growth of two regionally adapted ecotypes of switchgrass is 

modeled.  The lowland ecotype and upland ecotype are locally parameterized by state 

(Table 1).  The model assumes establishment and overwintering survival of the adapted 

ecotype in each region.  The ALMANAC model requires crop parameters and 

management schedules to be specified for each field location. 

 

Table 1: Leaf area index parameter values by state for locally adapted ecotypes. 

LAI	   Ecotype	   States	   Reference	  

3.3	   Upland	   ME,	  ND,	  NE,	  SD	   Kiniry	  et	  al.	  (2008b)	  
2.5	   Upland	   MI,	  MN,	  WI	   Kiniry	  et	  al.	  (2008a)	  

4.5	   Upland	   CT,	  DC,	  DE,	  IA,	  IL,	  IN,	  MA,	  MD,	   Kiniry	  (unpublished	  data)	  

	   	   	  NH,	  NJ,	  NY,	  OH,	  PA,	  RI,	  VT	   	  
5.8	   Lowland	   AL,	  AR,	  FL,	  GA,	  KS,	  KY,	  LA,	  MO,	  	   	  McLaughlin	  et	  al.	  (2006),	  Kiniry	  (unpublished	  data)	  

	   	   MS,	  NC,	  OK,	  SC,	  TN,	  TX,	  VA,	  WV	   	  

 

The ecotypes are parameterized by adjusting two crop parameters, the potential 

leaf area index (LAI) and degree-days to maturity (PHU).  LAI values were assigned by 

state based on field trials. The LAI was calculated as mean leaf area of an ecotype 
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measured for at least two years in the region of interest.  The LAI parameters were 

validated by comparing the ALMANAC simulation output with measured yields 

(McLaughlin et al., 2006; Kiniry et al., 2008a; Kiniry et al., 2008b).  The PHU values 

were calculated based on the latitude of each site.  Local daily maximum and minimum 

temperature are used to determine the accumulation of degrees greater than the baseline 

temperature, 12 oC (Kiniry et al., 2008a).  The maximum PHU used to establish maturity 

was set to 2300.  Degree-days are set to zero at planting and each year after maturity is 

reached.  The PHU values used are well within the range of those calculated by replicated 

field trails at similar locations (McLaughlin et al., 2006; Kiniry et al., 2008a; Kiniry et 

al., 2008b).  All other plant parameter values remained the same as those presented in 

Kiniry et al. (1996).   

A unified management scheme was applied to all areas in order to emphasize the 

effect of changes in the environment across space.  Switchgrass was planted the first year 

on 1 March.  Each subsequent year on 1 February, 100 kg ha-1 of nitrogen and 50 kg ha-1 

of phosphorous were applied.  Switchgrass was harvested once a year on 30 September.  

Growth and harvesting was simulated for 13 years.  Post-establishment and development 

results are reported as the average over the final 10 years of the simulations. 

Environmental variables 

ALMANAC contains a database of the average conditions from 1986 to 1996 for 

975 weather and wind stations in the U.S. (containing 158 weather variables and 182 

wind variables).  The closest weather and wind station to each field was used as a proxy 

for the current conditions at that location.  ALMANAC relies on USDA-NRCS Soil 

Survey Geographic database (SSURGO) spatial and tabular soil data, which can be 

downloaded by county from Soil Data Mart (http://soildatamart.nrcs.usda.gov).  The soil 
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component (or type) at each field location was used to parameterize the model.  Many 

different soil properties in the SSURGO data files are used in ALMANAC, including 

depth, water holding capacity, texture, pH, slope, and available nutrients.  

The central and eastern U.S. was divided into 0.25-degree (approximately 27.5 

km2) grid cells.  Variation in soil type and soil properties in each cell was taken into 

account by simulating randomly distributed fields within each cell.  The number of 

required fields needed, to capture the variation in soil properties, was determined by 

testing intervals between 5 and 40 randomly selected field locations for 5 grid cells.  

Owing to the trade-off between computation time and accuracy, the minimum number of 

fields needed to decrease the relative standard error (RSE) of the average cell yield by 

less than one percent was chosen.  As a result, each spatial yield is represented as a grid 

cell and is the average of 20 randomly distributed fields with an estimated average RSE 

of 2.7% (Fig. 6). 
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Figure 6:  The relative standard error (RSE) of switchgrass yield as a function of the 
number of random points distributed in each 27.5 km2 cell for 5 randomly 
selected grid cells. 

Model verification 

The ALAMANC model and the plant parameters required to run ALMANAC 

have been validated by switchgrass field trails throughout the central and eastern U.S. 

(Kiniry et al., 1996; Kiniry et al., 2002; Kiniry et al., 2005; Kiniry et al., 2008a; Kiniry et 

al., 2008b).  Due to the lack of independent switchgrass data, ALMANAC yield 

estimates were compared to widely distributed representative yields of non-irrigated 

alfalfa, Medicago sativa, from the USDA-NRCS database.  Johnson et al. (2010) reports 

a linear relationship between USDA-NRCS alfalfa yields and measured yields from 
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switchgrass field trials in Oklahoma, Kansas, and Nebraska.  The USDA-NRCS “non-

irrigated crops” database can be accessed through Web Soil Survey and contains 

extensive information on alfalfa yields throughout the U.S. 

(http://websoilsurvey.nrcs.usd.gov). 

Predictions using future climate change scenarios 

To make projections for climate change scenarios using ALMANAC, “future 

weather” databases were created and added to the GeoALMANAC interface.  In this 

study, two climate change scenarios were analyzed for the ten-year interval from 2080 to 

2090.  The A2 scenario was chosen to represent an extremely pessimistic future assuming 

large population increases, slow economic advancement, and very little technological 

change (Kumar, 2007).  The B2 scenario was chosen as a “middle of the road” scenario 

that predicts intermediate population size and economic growth created to portray local 

efforts in order to enhance environmental sustainability.  The statistically downscaled 

climate predictions for the Canadian Climate Change Modeling and Analysis CGCM2 

model for the IPCC 4th assessment B2 and A2 SRES scenarios were downloaded from 

Worldclim (Ramirez & Jarvis, 2008).   

Modeling climate changes requires the adjustment of the several environmental 

and crop variables.  Future average precipitation, maximum temperature, and minimum 

temperature for each month were updated for all weather stations to reflect the predicted 

10-year average from 2080 to 2090 for both scenarios.  In addition, the atmospheric 

carbon dioxide concentrations were adjusted to 550 ppm and 690 ppm for the B2 and A2 

scenarios, respectively (Kumar, 2007).  All other weather and wind variables remained 

unchanged.  The crop parameters were adjusted for future projections by recalculating the 

PHU, number of degree-days to maturity, to reflect these changes in temperature for the 



 41 

B2 and A2 scenarios for 2080 to 2090.  Management and soil remained the same as 

described above. 

 

RESULTS 

Under current climate conditions, switchgrass yields across the central and eastern 

U.S. exhibit significant spatial variation (Fig. 7a).  The current yearly yield estimates 

range from 0.01 Mg ha-1 to 46.10 Mg ha-1.  In the central and eastern U.S., 19% of the 

area is predicted to yield more than 10 Mg ha-1 of switchgrass.  Regions with the highest 

yields (greater than 18 Mg ha-1) are located in Florida and along the Gulf Coast of Texas 

and Louisiana.  The lowest yields (less than 4 Mg ha-1) are predicted along the Great 

Plains (in ND, SD, KS, MO, and western TX). 
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Figure 7:   ALMANAC estimates for average yearly yield of switchgrass over 10 years 
for the central and eastern U.S. for (a) current climate conditions and future 
climate predictions for the CCCMA-CGCM2 and IPCC 4th assessment 
SRES (b) B2 and (c) A2 scenarios for 2080 to 2090.  Each 27.5 km2 grid 
cell is an average of the yield estimates at 20 randomly distributed fields.  
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To evaluate model performance, 7,036 of the current ALMANAC switchgrass 

yields for a single field were compared to independently collected USDA-NRCS non-

irrigated alfalfa yields in the same county and on the same soil type (Fig. 8).  The spatial 

distribution of these locations is shown in figure 9.  The USDA-NRCS alfalfa yield 

estimates are not controlled for management.  Nonetheless, nearly all of the switchgrass 

estimates fall within the 95% confidence intervals for the linear relationship reported 

between switchgrass field trials and USDA-NRCS alfalfa yields in Oklahoma, Kansas, 

and Nebraska by Johnson et al. (2010). 

 

Figure 8: The current ALMANAC yield estimates compared to measures of non-
irrigated alfalfa yields from the USDA-NRCS “no-irrigated crops” database 
across the central and eastern U.S.  The red line is the relationship between 
field trials comparing measured switchgrass yields to non-irrigated alfalfa 
yields from Johnson et al. (2010) in OK, KS, and NE.  The dotted lines are 
95% confidence intervals. 
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Figure 9: The spatial distribution of the 7,036 USDA-NRC non-irrigated Alfalfa 
yields across the north central and eastern U.S. used in Fig. 8. 

In order to quantify the amount of spatial variation that can be attributed to 

variation in climate across space, the relationship between switchgrass yield and 32 of the 

climate variables was analyzed.  A principal components analysis of the average 

minimum temperature, maximum temperature, and precipitation for each month was 

performed.  The first two axes explain 86% of the variation in these 32 climate variables.  

The first component (PC1) is a linear combination of monthly minimum and maximum 

temperature (Fig. 10).  The second axis (PC2) reflects differences in monthly average 

precipitation.  A linear regression of the first two principal component axes explains 35% 

of the variability in switchgrass yields.  A decrease in PC1 (temperature) is expected to 

increase yields, whereas an increase in PC2 (precipitation) is expected increase yields 
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(Table 2).  All analysis of model results was performed in R, and the ape package was 

used for spatial analyses (Paradis et al., 2004). 

 

Figure 10: Plot of the first and second principal component scores for each weather 
station id (black numeral) and the loading for each variable (red arrows and 
labels). RM01 – RM12 correspond to monthly average precipitation values.  
OBMX01 – OBMX12 correspond to monthly maximum temperature values.  
OBMN01 – OBMN12 correspond to monthly minimum temperature values. 
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Table 2: The linear parameter estimates from the regression on the first two principal 
components on estimated switchgrass yield.  PC1 relates to monthly 
minimum and maximum temperature and PC2 relates to monthly 
precipitation. 

Weather Model       

 
Estimate Std. Error      T p-value 

Intercept 8.72546 0.08628 101.129 <0.001 
PC1 -0.28618 0.01764 -16.22 < 0.001 
PC2 0.2238 0.03252 6.882 < 0.001 

 

The predicted average yearly switchgrass yields for 2080 to 2090 for the 

CCCMA-CGCM2 global climate model for the IPCC 4th Assessment B2 and A2 SRES 

scenarios are shown in Figure 7.  Future yields for the B2 and A2 scenarios range from 

0.59 to 51.84 Mg ha-1 and 0.73 to 50.80 Mg ha-1, respectively.  The percentage of the 

central and eastern U.S. expected to produce more than 10 Mg ha-1 of switchgrass 

increased to 37% for the B2 scenario (Fig. 7b) and to 47% for the A2 scenario (Fig. 7c).  

Most of this increase comes from the Midwestern States, particularly in North Dakota, 

South Dakota, Kansas, and Minnesota.  For both scenarios, the highest yielding areas (> 

18 Mg ha-1) remained in Florida and along the Gulf Coast of Texas and Louisiana. 

Changes in average yearly precipitation, minimum temperature, and maximum 

temperature for the A2 scenario tend to have the greatest impact on switchgrass yields in 

the northern central U.S. (Fig. 11).  By 2080 to 2090, the Midwestern States (particularly 

in ND, SD, KS, and MN) are predicted to experience the largest regional increase (+8 Mg 

ha-1) in yield and western half of Texas and Oklahoma the largest regional decrease (-6 

Mg ha-1) in yield.  This regional increase in productivity correlates with to an increase in 

average growing season precipitation, April – August,  (Fig. 12a) and average yearly 

precipitation of up to 10 mm per year (Fig 11a).  Regions where there is little change (0 
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to +2 Mg ha-1) or a decrease in yield (0 to -6 Mg ha-1) correspond to a decrease in the 

average growing season (Fig. 12a) and yearly precipitation (Fig. 11a).  Average 

minimum growing season and yearly temperature increases the most (+8 oC) in the 

northern Midwestern States (ND, SD, MN), where the largest increase in productivity is 

expected (Fig. 12b, 11b).  In western Texas, average yearly maximum temperature 

increased (Fig. 11c) and yearly precipitation decreased (Fig. 11a) resulting in decreased 

productivity. 
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Figure 11: The change in switchgrass yield expected by 2080 to 2090 under the A2 
scenario.  The contour lines illustrate a change in expected (a) average 
yearly precipitation, (b) minimum temperature, (c) and maximum 
temperature by 2080 to 2090 expected from the CCCMA-CGCM2 and 
IPCC 4th assessment SRES A2.  Blue contour lines and labels indicate an 
increase in precipitation (mm) and temperature (oC).  Black lines represent 
no change and red contour lines show a decrease in precipitation (mm). 
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Figure 12:  The change in switchgrass yield expected in 2080- 2090 under the A2 
scenario.  The contour lines illustrate a change in expected (a) growing 
season (April – August) precipitation, (b) minimum temperature, (c) and 
maximum temperature in 2080 – 2090 expected from the CCCMA-CGCM2 
and IPCC 4th assessment SRES A2.  Blue contour lines and labels indicate 
an increase in precipitation (mm) and temperature (oC).  Black lines 
represent no change and red contour lines show a decrease in precipitation 
(mm) 
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The overall “potential” for each grid cell was determined from the estimated 

productivity for the current and both future climate scenarios (A2 2080s, or B2 2080s).  

Regions with low potential are only predicted to have yields greater than 10 Mg ha-1 for 

one of the three scenarios (Fig. 13).  Regions with medium and high potential have yields 

greater than 10 Mg ha-1 for two or three scenarios.  Regions with high potential are 

located in eastern half of Texas, the southern Midwestern States (KS, IA, IL, IN), along 

the Gulf Coast (TX, LA, MS, AL, FL) and the South Atlantic Coast (NC, SC, GA, FL). 

 

 

Figure 13: The overall potential of switchgrass for current and both future scenarios.  
Regions with low potential only have yields greater than 10 Mg ha-1 for one 
scenario (current, A2 2080s, or B2 2080s).  Regions with medium and high 
potential have yield greater than 10 Mg ha-1 for two or all three. 
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DISCUSSION 

Future climatic change will have a substantial impact on the productivity of 

switchgrass.  A large increase in yield is expected by 2080 to 2090 for part of the West 

North Central region of the Midwest (in ND, SD, KS, MN) where temperature and 

precipitation are expected to increase.  A similar relationship between increased 

precipitation and current productivity has been observed for other non-irrigated 

grasslands (Sala et al., 1988; Epstein et al., 1997).  As climate shifts to a warmer 

minimum temperature, it causes an increase in the number of degree-days and 

consequently expanding the growing season.  Both an increase in temperature and 

precipitation may make conditions suitable for lowland switchgrass types to thrive in 

upland regions.  Large decreases in productivity in eastern half of Texas and Oklahoma 

are predicted in 2080 to 2090, where precipitation decreases and temperature increases.  

Grassland productivity is also observed to be negatively correlated to temperature when 

precipitation decreases or remains constant (Epstein et al., 1997).   

The areas that currently have and are expected to maintain high yields under both 

future climate scenarios are obvious targets for the long-term growth of switchgrass.  

Considering current and future yields when establishing fields for cellulosic feedstock 

production will reduce the amount of land conversion necessary to meet and maintain 

biomass demands.  Several regions that contain both high current and future yield 

potential are urban areas or prime agricultural lands used for food and fiber production.  

In addition, some of these regions contain wetlands and marsh habitat critical for 

conservation of biodiversity and endangered species.  Careful decisions will need to be 

made to maximize production of crops for both food and fuel while maintaining 

biodiversity (Fletcher et al., 2011).  The regions in this study most likely to satisfy these 
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conditions are in eastern Texas and Kansas.  However, a rigorous study of these trade-

offs is needed to assess the risk of land conversion.     

Climate alone does not explain all changes in yield.  Spatial variation in monthly 

average precipitation, maximum temperature, and minimum temperature explains 35% of 

the variation in current yield estimates across the central and eastern U.S.  For the interior 

portions of the Southeastern States, future increases in temperature and precipitation are 

not expected to have a significant effect on future yields.  Many other climatic and 

environmental variables, incorporated into the ALMANAC model, may be limiting 

growth in these regions.  For example, water holding capacity, soil texture, slope, and 

nutrient limitations are suggested to have a large effect on yield (Stout et al., 1988; 

Hopkins et al., 1995a; Muir et al., 2001). 

The ALMANAC yields were compared to independently collected alfalfa yields 

from the USDA-NRCS non-irrigated crops database for the same soil type and within the 

same soil survey area.  These estimates are controlled for soil properties and climate, but 

may vary in management practices.  This comparison does not validate the model results 

in the traditional sense, but does provide additional confidence in the range of model 

predictions, since it is not currently possible to validate the model predictions based on 

independent switchgrass yields.   

This is the first study to use a mechanistic model for large-scale spatial 

predictions of biomass while including variation in soil type and properties within the 

unit area of analysis. Brown et al. (2000) used EPIC, another mechanistic model, to 

predict the potential of switchgrass for 50 km2 cells in Missouri, Indiana, Nebraska, and 

Kansas by placing one representative field in the center of each cell and variation in soil 

properties within the cell was not accounted for.  Thomson et al. (2009) used EPIC to 

estimate switchgrass potential for large hydrologic units across the U.S.  Only major 
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agricultural soils within each hydrologic unit were included in the model.  These 

approaches may result in under or over-estimated yields if a sparse low quality soil is 

located in the cell center, or if there is a low proportion of agricultural soil in the 

hydrologic unit.  

Previous efforts to estimate future potential or presence of switchgrass have been 

limited.  The future yield of switchgrass was predicted using EPIC across four states 

(MO, IN, NE, KS) by Brown el al. (2000).  Their results similarly predict switchgrass 

yields in this region to increase by more than 8 Mg ha-1.  Barney and DiTomaso (2010) 

used a climate envelope model to estimate the species range (as presence or absence) for 

switchgrass under future climate scenarios.  It is difficult to directly compare a range map 

to continuous yields.  However, they forecast the future species range to encompass all of 

the central and eastern U.S. and be absent to the south in Texas and along the Gulf Coast.   

The ALMANAC model assumes that the stands of adapted ecotypes establish and 

persist over the sampling period.  In addition, each adapted ecotype is assumed to exhibit 

consistent growth attributes (e.g. LAI) across each planting region and over the entire 

time scale modeled.  A key improvement for future studies will be to directly incorporate 

genotype x environment interaction on yield potentials across the spatial and temporal 

scales studied.  Although this approach incorporates some notion of genetic diversity in 

evaluating yield potential, additional studies including more cultivars and germplasm are 

needed.  Switchgrass is known to exhibit genotype x environment interactions for 

biomass production (Hopkins et al., 1995a; b; Casler & Boe, 2003; Casler et al., 2004; 

2007).  These complex interactions are important to consider for plant breeding, 

utilization of diverse germplasm, and accuracy of agronomic modeling used to predict 

biomass.  
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The results in this study may provide future insights into several aspects of 

biofuel research.  First, the spatial yield estimates presented in this study can be used to 

guide empirical projects.  Ongoing field trails may be used to validate yield estimates or 

to determine additional factors limiting the growth of switchgrass.  Second, ALMANAC 

also can be used to direct the genetic breeding of switchgrass by running a range of crop 

parameters within measured genetic variation (i.e. LAI).  Third, ALMANAC yield 

estimates can be used to guide land conversion to maintain adequate production of food 

and biodiversity levels.  

Growing energy demands and concerns for climate change have pushed forward 

the timeline for biofuel based energies. Despite more than two decades of research, there 

are still large gaps in the understanding of switchgrass biology. The collection of vital 

empirical data and plant breeding will take considerable time. As such, modeling is an 

important tool for filling the existing knowledge gap.  In this study, it is demonstrated 

that spatially explicit modeling can help assess spatial variation in current and future 

biofuel crop yield and may help ensure long-term sustainability of biofuel production. 
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Chapter 4: Hierarchical Decomposition of the Species-Energy 
Relationship by Scale3 

ABSTRACT 

Understanding the determinants of global richness patterns and how they change 

with scale is important for the conservation of biodiversity.  Current understanding of 

scale-dependent patterns is limited by a lack of consistent methods across studies and the 

explicit consideration of scale.  In this study, the scale dependence of the relationship 

between breeding avian richness from 1990 to 2005 and four energy-associated variables 

(evapotranspiration, net primary production, temperature, and precipitation) was explored 

using a recently developed method based on wavelet lifting, to analyze the effect of scale 

on irregularly sampled data in two dimensions.  Scale-specific decompositions for 

breeding species richness and for each energy variable were created.  Next, wavelet 

coefficient regression was used to determine how the richness-energy relationship 

changes with scale and to identify at what scale (or scales) these four energy forms 

contribute to the observed patterns of avian richness.  It was observed that the species-

energy relationship changes for each energy variable and spatial scale.  Different energy-

associated variables emerge as significant predictors at different spatial scales.  

Evapotranspiration, temperature, and precipitation are significant predictors of species 

richness at intermediate-to-large spatial scales.  Net primary production is the only 

significant predictor across small-to-large spatial scales, and it explains the most variation 

(40%) in species richness at the intermediate scale range (292-371 km).  The energy 

predictors analyzed here do not explain much of the species richness pattern at smallest 

and largest scale.  Changes in the species-energy relationship with scale, may indicate a 

                                                
3A version of the material presented in this chapter is in review at Global Ecology and Biogeography.  
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shift in the mechanism governing diversity patterns from small-to-large scale.  These 

results indicate that flexible scale sensitive method can be used to gain a better 

understanding of scale-dependent ecological patterns and processes. 
 

INTRODUCTION 

Understanding the determinants of global patterns of species richness provides 

insight into the complex process of community organization and may be critical for 

maintaining community diversity, stability, and ecosystem functioning.  One likely driver 

of richness patterns is energy (Hutchinson, 1959; Brown, 1981; Wright, 1983).  Many 

energy-associated variables (such as evapotranspiration, net primary production, 

temperature, and precipitation) have been widely recognized to correlate with richness 

patterns (Wright et al., 1993; Waide et al., 1999; Mittelbach et al., 2001; Hawkins et al., 

2003; Gillman & Wright, 2006; Field et al., 2009).  However, the mechanisms underlying 

these large-scale diversity patterns are not well understood, because most studies analyze 

the species-energy relationship at a single spatial scale.  Efforts to combine these studies 

to analyze the effect of scale are confounded by different sampling designs, methods of 

analysis, locations, resolutions, and extents of the study area (Wright et al., 1993; Waide 

et al., 1999; Mittelbach et al., 2001; Field et al., 2009).   

Many ecological patterns are recognized as being scale dependent (Holling, 1992; 

Levin, 1992; Legendre, 1993; 2000).  Different patterns may be observed at different 

spatial scales (i.e. the smallest unit of analysis or resolution) and extents (i.e. size of the 

entire study area) of analysis.  Two different scale-dependent patterns, when combined, 

may produce a range of phenomenon from no detectable pattern to the manifestation of a 

new or different pattern (Keitt & Fischer, 2006; Keitt, 2008).  In the same way, a negative 

relationship at a small scale and a positive relationship at a large scale can also offset 
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each other.  These scale-dependent associations may be overlooked if a scale-sensitive 

analysis is not used.   

There is increasing evidence that the species richness-energy pattern is scale 

dependent (Gaston, 2000; Whittaker et al., 2001; Willis & Whittaker, 2002).   The 

mechanism governing the species-energy relationship has also been suggested to change 

with scale (Hawkins et al., 2003; Whittaker et al., 2003). Large-scale patterns are likely 

the result of influences at longer evolutionary timescale, whereas smaller scale patterns 

may be caused by several different biotic and abiotic factors that operate on shorter 

ecological timescales (Holling, 1992; Levin, 2000).  Empirical studies at large scales 

often show a positive increasing energy-richness relationship (Mittelbach et al., 2001; 

Gillman & Wright, 2006; Field et al., 2009; Wheatley & Johnson, 2009).  The results of 

small-scale studies are more variable, but suggest that the relationship may be “hump-

shaped”.  

Explicit consideration of scale when analyzing the species-energy relationship is a 

relatively new development.  In studies that have taken a multi-scale approach, scale has 

generally been quantified by averaging over quadrats or circles with increasing area 

(Rahbek & Graves, 2001; Chase & Leibold, 2002; Evans et al., 2008; Belmaker & Jetz, 

2011).  This form of nested averaging is less sensitive to thresholds and patterns 

appearing over a narrow-scale range, than are methods that extract local gradients by 

interleaving local differencing and averaging.   

The wavelet transform is a promising approach to extract scale-specific patterns 

in ecological and other data (Bradshaw & Spies, 1992; Dale & Mah, 1998).  Wavelet 

transforms decompose a single pattern into a hierarchical set of wavelet coefficients that 

capture the observed variation at each scale.  Instead of repeated smoothing within nested 

windows, wavelet functions combine both smoothing and sharpening operations that 
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partition scale-dependent variation in an orthogonal or nearly orthogonal manner, 

allowing scale-specific analyses with minimal overlap between scales (Daubechies, 

1992).  Different choices of wavelet functions represent tradeoffs in scale, space 

specificity, and degree of inter-scale dependence.  The wavelet approach has garnered 

significant interest owing to its focus on functions that are compact both in time, space, 

and scale, resulting in highly flexible and efficient representations of complex patterns.  

For example, wavelets are widely used in signal and image compression algorithms 

because of their ability to capture complex patterns with very few coefficients. The 

discrete wavelet transform has also been used to extract scale-specific information and 

identify the relationship between variables at different spatial scales for evenly spaced or 

regularly sampled data (Keitt & Urban, 2005). 

In this study, a recently developed wavelet method that allows for the analysis of 

irregularly spaced samples and complex boundary shapes is applied to extract scale-

specific information from ecological data (Jansen et al., 2009).  This method is used to 

decompose and explore the species-energy relationship by scale for breeding avian 

richness and four energy-associate variables (evapotranspiration, net primary production, 

temperature, and precipitation).  This study makes use of the abundance of raw point data 

not traditionally used in richness studies.  As opposed to range maps, point data can 

potentially detect more complex spatial variation, such as holes in species ranges not 

typically depicted by continuous range maps.  In addition, the use of a scale-sensitive 

technique may reveal scale-dependent patterns previously undetected. 

Many different variables have been used as a proxy for “energy”.  These variables 

are often used interchangeably, but actually relate differently to the basic forms of energy 

(Allen et al., 2007).  Kinetic energy, the energy of motion, is necessary for biochemical 

reactions to proceed.  It can be measured thermally or as solar radiation.  Potential 
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energy, or stored energy, has been fixed by primary producers through photosynthesis.  

Primary producers also require water for photosynthesis, therefore precipitation or water 

availability is often included as necessary component of the species-energy relationship 

(Hawkins et al., 2003). 

Several mechanistic hypotheses have been proposed to explain the species-energy 

relationship (see Evans et al. (2005) for a review).  This study focuses on three proposed 

mechanisms that differ by scale and energy form for heterotrophs.  The first two 

mechanisms, the “evolutionary speed” hypothesis and the “productivity” hypothesis, are 

proposed to operate over evolutionary times scales resulting in dominant large-scale 

patterns.  The third mechanism, called the “complexity” hypothesis, operates over shorter 

ecological time scales and is expected to produce smaller-scale patterns. 

The “evolutionary speed” hypothesis depicts a direct link between thermal 

energy, often measured by ambient temperature, and the accumulation of genetic 

differences among populations which may lead to speciation (Rohde, 1992; Allen et al., 

2002).  The rate at which a population evolves is determined by the mutation rate and 

generation time (Fisher, 1930).  Metabolic-scaling theory predicts that mass-specific 

metabolic rates increase with temperature (Allen et al., 2002).  Recently, it has been 

shown that generation time decreases as metabolic rate increases, and that mutation rates 

increase as metabolic rate increases (Savage et al., 2004; Gillooly et al., 2005).  

Therefore, more species are expected to coexist in regions with higher temperatures 

(Allen et al., 2007).   

The second mechanism, the “productivity” hypothesis, also known as the “trophic 

cascade” hypothesis, and is a refined version of the “more individuals hypothesis” for 

heterotrophs (Brown, 1981; Wright, 1983; Hawkins et al., 2003).  This hypothesis 

assumes that species richness is constrained by the amount of chemical energy available 



 60 

to individuals at each trophic level.  For example, the abundance of primary consumers is 

limited by the amount of energy fixed by primary producers.  Areas with higher primary 

productivity can support more individuals in each population.  Using the same reasoning 

behind the “more individuals” hypothesis, more species co-occur because populations 

with higher abundance are less likely to go extinct due to stochasticity.  The main 

difference between the “productivity” hypothesis and the “more individuals” hypothesis 

is that the limiting factor is chemical energy for heterotrophs, as opposed to solar 

radiation for autotrophs.   

Lastly, the “complexity” hypothesis emphasizes the importance of ecological 

niches in determining species richness (Hutchinson, 1959; Pianka, 1966).  At higher 

trophic levels extra factors come into play.  Increases in species richness are attributed to 

the presence of more species at a lower trophic level, allowing from more ecological 

niches and consequently more species to coexist.  Lower trophic levels may increase 

coexistence through creating a more complex habitat structure or by allowing for trophic 

specialization (Kerr & Packer, 1997; Tews et al., 2004).   

In this study, wavelets are used to hierarchically decompose the species-energy 

relationship by scale.   Next, how the relationship between species richness and each 

individual energy-related variable (evapotranspiration, net primary production, average 

temperature, and average precipitation) changes with scale is examined.  Although these 

energy variables are typically used interchangeably, they measure different aspects of the 

richness-energy relationship and exhibit variability at different spatial scales.  Lastly, it is 

determined how all four energy measures together explain the pattern of species richness 

and how variation in predictive power changes across scale. 
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MATERIALS AND METHODS 

Data types 

The North American Breeding Bird Survey (BBS) data was used to calculate 

average yearly avian breeding species richness (SR) from 1990 to 2005 (Sauer et al., 

2007).  Routes within the contiguous United States with valid records for 10 individual 

years out of the 15-year period were included in the study.  The resulting dataset included 

the average yearly species richness for 1166 breeding bird survey routes (Fig. 14). 

 

Figure 14: The spatial distribution of the BBS route head locations and the pattern of 
average yearly breeding species richness from 1990 to 2005.  The light 
colored circles indicate low and dark colored the circles indicate locations 
with high average yearly avian species richness. 

A set of four energy-associated variables was complied.  These variables are 

available at a fine-scale resolution for the contiguous United States and are appropriate 

for discriminating between different mechanistic processes.  Average annual net primary 

production (NPP) from 2000 to 2005 was derived from the NASA Moderate Resolution 

Imaging Spectroradiometer (MODIS) using the MOD17 algorithm (Zhao et al., 2005).  
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Average annual actual evapotranspiration (ET) from 2001 to 2003 was derived from 

MODIS using the MOD16 algorithm (Mu et al., 2007).   Average annual temperature 

(TEMP) and precipitation (PREC) from 1950 to 2000 were downloaded from the 

WorldClim database (Hijmans et al., 2005).  All environmental variables were obtained 

at one km resolution.  The values of these four variables at the BBS route head locations 

were extracted.  Prior to wavelet analysis SR, NPP, ET, and PREC, were log10 

transformed to satisfy normality assumptions, and all variables were centered and 

standardized. 

Wavelet Algorithm 

Wavelet lifting is a flexible technique that efficiently captures the structure of 

complex patterns present in irregularly spaced data.  Lifting allows for the construction of 

a more generalized filter but still retains the desirable properties of first-generation 

wavelets (for a comprehensive review see Sweldens (1996)).  The transformation is a set 

of linear operations that can be computed quickly and proceeds without loss of 

information, allowing for the original signal to be easily reconstructed.  Traditional 

wavelet lifting is an iterative algorithm composed of three steps.  First, the data is split 

into two subsets (typically defined by odd and even indexed points).  Second, the values 

of one subset are used to predict the other.  The detail or wavelet coefficient is the 

difference between the true value and the predicted value.  Intuitively, this is a measure 

of local variation at a given scale.  Third, the values are updated using a linear 

combination of the detail coefficients to preserve the original signal.    

The “one-at-a-time” lifting algorithm used in this study is a slight variation of the 

traditional lifting scheme (Jansen et al., 2009).  Instead, of splitting the points into two 

subsets, the detail coefficients are calculated for one point at a time.  For simplicity, a 
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one-dimensional depiction of the algorithm is shown in figure 15 (and a two-dimensional 

illustration is shown in figure 16). The algorithm proceeds as follows: First, neighbor 

networks are defined by locating the k-nearest neighbors in Euclidean space for each 

point.  (For Figure 15, k is two.)  For the species-energy analysis, the number of nearest 

neighbors, k, was set to six.  The point with the closest neighbors is the “focal point” for 

which the detail coefficient will be calculated (Fig. 15a).  Second, the value of the focal 

point is removed (Fig. 15b) and predicted from its neighbor network (Fig. 15c).  Point 

values were predicted by fitting an ordinary least squares plane to the k nearest neighbors. 

The detail coefficient was then recorded as the difference between the actual and the 

locally smooth predictor.  The corresponding scale was estimated as twice the harmonic 

mean of the distance to k-nearest neighbors.  Although other scale estimates could have 

been constructed analogously, these would be highly inter-correlated and therefore would 

not change our results.  Lastly, the value and scale of the neighbors are each updated by a 

portion of the detail coefficient and scale of the focal point (Fig. 15d).  The algorithm was 

coded in the R (R Core Development Team, 2008). 
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Figure 15: Example of the “one-at-a-time” lifting algorithm in one-dimension 
preformed to calculate the detail coefficients.  The x-axis shows the location 
in space and the y-axis represents the value of the variable being measure.  
(a) The data point with the closest neighbors is chosen as the “focal point”.  
The focal point and neighbors are inside the rectangular box.  In this 
example, only the closest 2 neighbors are being used.  (b) The focal point is 
removed (open circle) and its value predicted by its neighbors (dotted line).  
(c) The detail coefficient is calculated as the difference between the actual 
and predicted value of the focal point.  Scale is calculated as the twice the 
harmonic mean of the Euclidean distance to the neighbors. (d) The value 
and scale of the neighbors are updated (grey points and line). 
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Figure 16: The steps of the “one-at-a-time” lifting algorithm preformed to calculate the 
detail coefficients in two-dimensions. Each point on the graph has a location 
in x-y coordinate space and a value corresponding to the point size.  First, 
the k nearest neighbors are located for each point on the graph.  For, this 
example k is set to 3.  The three nearest neighbors are located for two points 
(a).  The point with the closest neighbors is chosen as the focal point (panel 
a, labeled F).  Next, the focal point is removed (panel b, open circle).  Third, 
the value of the focal point is predicted by the neighbors (panel c, closed 
point inside open point).  The detail coefficient is the difference between the 
actual and predicted values of the focal node.  Last, the value and scale of 
the neighbors are updated (panel d). 

Latitude-longitude coordinates provided along with the BBS database were used 

to georeference survey routes.  The detail coefficients and corresponding scale measures 

were calculated for species richness and each energy variable (NPP, ET, TEMP, PREC).  

The last 50 points, generally located close to U.S. border, have neighbors only on one 

side thereby affecting the accuracy of the scale and coefficient estimates, and were 

excluded from any further analysis. 
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Analysis of species-energy relationship across scale 

The BBS routes are irregularly spaced causing each detail coefficient to have a 

unique scale measurement.  Scale partitions were created by ordering the coefficients 

from smallest to largest, and then dividing them into discrete bins with an equal number 

of coefficients in each.  The appropriate number of partitions was determined by fitting a 

multiple linear regression model with the species richness wavelet coefficients as the 

dependent variable and a different slope for each energy variable by bin as independent 

variables.  One to twenty scale partitions were tested (Table 3).  Four independent 

predictors were added to the model with each increase in bin number.  The number of 

scale partitions to use was determined by the model with the lowest Akaike information 

criterion (AIC) score.  The quadratic terms for each energy variable by bin were initially 

included.  However, none of the parameter estimates were significant after visually 

removing at most two extreme outliers.  Therefore, the results for a strictly linear analysis 

are presented here. 
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Table 3: Model selection for the number of scale bins using AIC. 

Number of Number of AIC 
Scales  Variables   

1 5 2447.858 
2 9 2430.157 
3 13 2441.986 
4 17 2378.035 
5 21 2440.797 
6 25 2449.489 
7 29 2388.477 
8 33 2379.750 
9 37 2377.703 
10 41 2454.034 
11 45 2350.845 
12 49 2393.453 
13 53 2377.941 
14 57 2398.360 
15 61 2464.583 
16 65 2397.336 
17 69 2369.201 
18 73 2366.391 
19 77 2393.111 
20 81 2389.870 

 

The analysis proceeded as follows: First, how the relationship between species 

richness and each individual energy variable changes across scale was assessed.  Linear 

regression models were fit to the wavelet transformed species richness data and one of 

the wavelet transformed energy variables for each scale.  The slope parameter estimate 

and R2 for each variable was then compared across all scales.  Verification of these 

methods is show in Appendix A. 
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Second, how all four energy measures, taken together, explain the pattern of 

species richness was determined.  Because these energy measures are correlated with one 

another, the lasso regression algorithm presented in (Goeman, 2010) was used to predict 

species richness using all four energy measures.  Lasso penalized linear regression is a 

nonparametric technique that minimizes the residuals sum of squares when the absolute 

value of the coefficient is less than a constant (Tibshirani, 1996).  This method tends to 

produce interpretable models, by shrinking some coefficients and setting others to zero, 

and avoids over fitting due to colinearity and high dimensionality. The tuning parameter 

that maximized the cross validation log likelihood was used for all scales of analysis.  

The penalized regression coefficients were then compared to the coefficients obtained 

using a linear multiple regression with the same independent variables selected by the 

penalized regression model for each scale. 

 

RESULTS 

The spatial distribution of the route locations and average breeding species 

richness from 1990 to 2005 are shown in figure 14. The model with the lowest AIC score 

had 11 scale bins for a total of 45 independent variables (Table 3).  Scale increases for 

each bin, and a visual depiction of how the nearest neighbor networks change from 

relatively small-to-large spatial scale is presented in figure 17. 
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Figure 17: All of the nearest neighbor networks at a small scale of 141-169 km (top), 
intermediate scale of 235-291 km (middle), and large scale of 529-862 km 
(bottom) are shown in gray.  Five disjoint neighbor networks are highlighted 
for each scale in black.  Closed circles indicated the focal point and open 
circles represent the six closest neighbor nodes. 
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The slope parameter of the relationship between species richness and each 

individual energy variable by scale is shown in figure 18 (and Table 4).  An increase in 

local precipitation, evapotranspiration, and net primary production corresponds to an 

increase in the local breeding avian species richness (positive slope), whereas an increase 

in local temperature causes a decrease in local richness (negative slope).  The sign of the 

slopes for each energy variable remain the same across all scales of analysis.  None of the 

energy variables analyzed are significant linear predictors of species richness at fine (28-

141 km) spatial scales.  Surprisingly, net primary production is the only significant 

predictor at relatively small (141-169 km) spatial scales.  All four energy variables are 

significant linear predictors of species richness at intermediate (235-371 km) to large 

(529-2383 km) scales. 
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Figure 18: The slope estimates of a linear regression between richness and each 
individual energy variable (precipitation, temperature, evapotranspiration, 
and net primary production) as a function of the average scale of each bin.  
Error bars represent 95% confidence intervals of the slope estimates.  Error 
bars that do not cross the dashed line at y = 0 are significantly different than 
zero.  The solid line is a LOWESS trend line fit to the relationship to avoid 
over fitting. 
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Table 4: Slopes estimates of the linear regressions presented in Fig. 18 by variable 
and scale.  Asterisk indicated significant slope estimates. 

  Scale (km) 
Slope 

Estimate   
Standard 

Error p R2 
Precipitation           

 
68.8 -0.0970 

 
0.5092 0.8484 0.0004 

 
102.8 0.4154 

 
0.3089 0.1817 0.0181 

 
128.5 -0.2294 

 
0.2804 0.4154 0.0068 

 
152.7 0.1570 

 
0.2193 0.4757 0.0052 

 
182.9 -0.2051 

 
0.1847 0.2695 0.0124 

 
216.0 0.3466 

 
0.2023 0.0898 0.0291 

 
259.6 0.8366 * 0.2100 0.0001 0.1394 

 
326.9 0.7354 * 0.1845 0.0001 0.1395 

 
426.9 0.2108 

 
0.1632 0.1995 0.0167 

 
636.7 0.6996 * 0.1572 < 0.0001 0.1682 

 
1243.2 0.0217 

 
0.1568 0.8903 0.0002 

Temperature           

 
68.8 -0.4029 

 
0.3772 0.2881 0.0115 

 
102.8 -0.3915 

 
0.2776 0.1616 0.0199 

 
128.5 0.0472 

 
0.2112 0.8234 0.0005 

 
152.7 -0.2057 

 
0.1870 0.2740 0.0122 

 
182.9 0.0995 

 
0.2487 0.6899 0.0016 

 
216.0 -0.4665 

 
0.2878 0.1082 0.0261 

 
259.6 -1.1478 * 0.2382 < 0.0001 0.1915 

 
326.9 -0.5190 * 0.2319 0.0275 0.0486 

 
426.9 -0.7078 * 0.2543 0.0065 0.0733 

 
636.7 -0.5275 * 0.2660 0.0502 0.0386 

 
1243.2 -0.3566 

 
0.2385 0.1380 0.0223 

Evapotranspiration           

 
68.8 -0.0038 

 
0.1021 0.9707 0.0000 

 
102.8 -0.0214 

 
0.0955 0.8232 0.0005 

 
128.5 0.2254 

 
0.1424 0.1166 0.0249 

 
152.7 0.0304 

 
0.0925 0.7432 0.0011 

 
182.9 0.0128 

 
0.1028 0.9013 0.0002 

 
216.0 -0.0242 

 
0.1132 0.8312 0.0005 

 
259.6 0.0009 

 
0.1273 0.9943 0.0000 

 
326.9 0.3407 * 0.1363 0.0141 0.0599 

 
426.9 0.2119 

 
0.1428 0.1409 0.0220 

 
636.7 0.5195 * 0.1634 0.0020 0.0936 

 
1243.2 0.1683 

 
0.1333 0.2100 0.0160 
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Table 4 Continued 
      
Net Primary Production           

 
68.8 -0.0978 

 
0.1856 0.5994 0.0028 

 
102.8 -0.2066 

 
0.1400 0.1433 0.0217 

 
128.5 0.0997 

 
0.1216 0.4145 0.0068 

 
152.7 0.2918 * 0.1221 0.0188 0.0551 

 
182.9 0.1590 

 
0.1051 0.1336 0.0228 

 
216.0 0.1339 

 
0.1500 0.3744 0.0081 

 
259.6 0.2502 

 
0.1461 0.0900 0.0291 

 
326.9 0.8434 * 0.1054 < 0.0001 0.3952 

 
426.9 0.2663 * 0.1219 0.0313 0.0464 

 
636.7 0.9262 * 0.1412 < 0.0001 0.3050 

  1243.2 0.3543 * 0.1360 0.0106 0.0647 

 

These relationships can be analyzed further to determine where in the landscape 

strong positive and negative correlations occur at a particular scale (Fig. 19).  A strong 

positive correlation occurs when both wavelet coefficients (one for species richness and 

an additional one for an environmental variable) are large and have the same sign at a 

given location (Fig. 20a).  Strong negative correlations occur when one coefficient is 

positive and the other is negative (Fig. 20b).  The strength of the correlation between the 

detail coefficients of species richness and temperature is shown in figure 5a by the size of 

the points.  There is a large negative correlation between species richness and 

temperature at an intermediate scale ranging from 235 to 291 km (Fig. 19a, black points).  

This relationship is the strongest in the Western United States along the Rocky 

Mountains (Fig 19a, large black circles and black contour lines).  The correlation 

between the wavelet coefficients of species richness and net primary production at a 

given location is shown in figure 19b.  The correlation between richness and net primary 

production from 292 to 371 km is positive (Fig. 19b, grey points).  This relationship 
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peaks to the east of the Rocky Mountains (Fig. 19b, large grey points and grey contour 

lines). 

 

Figure 19: The spatial distribution of the local covariance between species richness and 
temperature (a) at an intermediate scale ranging from 235 to 291 km, and 
species richness and net primary production (b) at an intermediate scale 
ranging from 292 to 371 km.  The black contour lines and points depict 
areas with negative covariance.  The gray contour lines and points show 
areas with positive covariance. 
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Figure 20: The combination of wavelet coefficient from signal 1 and 2 at a location are 
positive (a) and negative (b). 

Figure 21 shows the amount of variation in species richness explained by each 

energy variable across scale (or the change in explanatory power of each variable across 

scale).  The most variation in species richness (~ 40%) is explained by net primary 

production at the intermediate scale range from 292 to 371 km.  The R2 values for 

precipitation, evapotranspiration, and net primary production across scale show two 

distinct peaks, one intermediate-scale peak at 235-371 km and one large-scale peak at 

529-862 km.  The R2 values for temperature peak once at a scale range of 371-524 km. 
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Figure 21: The amount of species richness variation explained by each individual 
energy variable as a function of the average scale of each bin. 

The penalized lasso regression technique was used to account for energy variables 

displaying similar patterns.  Penalized lasso regression models of species richness and at 

least one nonzero energy variable were created for five of eleven scales (Table 5).  The 

most variation (~ 40%) in species richness was explained at an intermediate scale (292-

371 km) by evapotranspiration and net primary production.  The penalized models for the 

smallest and largest scales explain very little (less than 6%) of the variation in species 

richness.  Most slope estimates have less than a 25% difference between the penalized 

and multiple regression slope estimates (Table 6).  Some of the independent energy 

variables are highly correlated at particular scales of analysis, resulting in a large percent 

difference, up to 126% (Table 6). 
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Table 5: The L1 penalized linear regression models and measures of model fit for 
each scale bin.  For some scale bins, no independent variables were retained 
in the model (indicated by -). 

 
L1 Penalized Linear Regression Models 

  
Scale Bin (km) Model Likelihood R2 

  28.2 - 89.8  - - - 
 90.1 - 117.6  - - - 
117.7 - 141.3  - - - 
141.6 - 169.9  SR = B1 NPP -85.7683 0.0517 
170.3 - 198.2  - - - 
198.2 - 235.5  - - - 
235.8 -291.7  SR = B1 TEMP + B2 PREC  -124.7363 0.1972 
292.1 - 371.7  SR = B1 ET + B2 NPP -104.6049 0.4012 
371.8 - 524.5  - - - 
529.0 - 862.8  SR = B1 PREC + B2 ET + B3 NPP -126.0609 0.3251 
863.4 - 2382.8  SR = B1 NPP -135.3367 0.0573 

Table 6: The slope estimates from the lasso penalized regression and corresponding 
multiple regression models of species richness and temperature, 
precipitation, net primary production, and evapotranspiration.  The dotted 
lines separate the result of each scale bin. 

  Penalized L1 Reg. Multiple Reg. Percent 
Scale Bin (km) Variable Slope Estimates Slope Estimates Difference 
141.6 - 169.9  NPP 0.2191 0.2918 33.1812 
235.8 -291.7  PREC 0.2721 0.3331 22.4182 
235.8 -291.7  TEMP -0.7283 -0.8896 22.1475 
292.1 - 371.7  ET 0.0891 0.2017 126.3749 
292.1 - 371.7  NPP 0.7082 0.8113 14.5580 
529.0 - 862.8  PREC 0.2048 0.2235 9.1309 
529.0 - 862.8  ET 0.1484 0.1695 14.2183 
529.0 - 862.8  NPP 0.7226 0.7331 1.4531 
863.4 - 2382.8  NPP 0.2345 0.3543 51.0874 
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DISCUSSION 

The relationship between breeding avian richness and energy depends on the 

particular energy variable chosen and the scale of the analysis.  All four energy-

associated variables are significant predictors of richness, when the scale of analysis is 

greater than 235 km and less than 862 km.  This is consistent with the observation that 

richness relationships between climate variables and productivity variables have been 

most commonly documented at spatial scales at the upper end of this range, greater than 

500 km (Field et al., 2009).  However, this study reveals that the most variation in species 

richness is explained by net primary production at an intermediate scale ranging from 292 

to 371 km.  At this scale, evapotranspiration and net primary production are picking up 

nearly the same signals, as indicated by the parameter estimate for evapotranspiration 

being reduced by greater than one half when using the penalized regression technique.  

Inclusion of evapotranspiration, in addition to net primary production, at this scale results 

in a less than 1% increase in the R2 value.  

The results herein depict a significant inverse relationship between temperature 

and breeding avian richness only at relatively large spatial scales.  This inverse 

relationship is inconsistent with the “evolutionary speed” hypothesis that proposes that 

species richness increases with temperature.  This pattern is not surprising, as most 

breeding birds are seasonal migrants and birds’ mobility allows them to track seasonal 

variation in energy throughout the year (Hurlbert & Haskell, 2003).  Migration alters the 

temperature regime for only a portion of the year and the effect of the remaining time 

period is not included in this study.  While it is important to note that the “evolutionary 

rates” hypothesis does not play an important role in governing breeding avian richness, it 

is also not reasonable to rule out the possibility that this hypothesis may play import role 

during the other 9 months of the year.  
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The remaining energy variables (evapotranspiration, net primary production, and 

precipitation) are all related to the amount of potential energy available to heterotrophs.  

In addition, these variables show the same general pattern across scale (similar changes in 

slope and two peaks in explanatory power).  Large shifts in the slope estimate and 

explanatory power of these variables between scales of analysis may indicate that the 

same variable is picking up signals of two different biological processes.  The 

“productivity” hypothesis predicts that chemical energy will be an important factor in 

governing species richness at evolutionary times scales and be visible across large spatial 

scales.  All stored energy variables support this hypothesis at larger spatial scales from 

529 to 863 km.  At smaller spatial scales, the “complexity” hypothesis predicts that stored 

energy may be an indicator of increased habitat complexity or trophic specialization.  It is 

not possible for this approach to discriminate between these two types of complexity.  

However, the significant relationship between net primary production and species 

richness at small and intermediate scales does support the idea that local ecological 

interactions are playing an important role in governing smaller scale patterns of species 

richness.  

Energy alone may be insufficient to explain the complex pattern of avian species 

richness across all scales.  The energy variables in this study are not significant predictors 

of breeding avian species richness at the finest scales, ranging from 28 to 141 km.  Many 

other hypotheses have been developed as possible explanations for species richness 

patterns (for a review see: (Pianka, 1966; Whittaker et al., 2001)).  Biological interactions 

unrelated to energy are important local interactions that take place over short time periods 

(Tilman, 2000).  For example, local competition between males during the breeding 

season may impact richness patterns if surveys are conducted in areas with territorial 

species.  
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The wavelet lifting approach used here reveals some different patterns than those 

of previous scale-specific studies of avian richness, that change scale by increasing 

resolution (Rahbek & Graves, 2001; Hawkins et al., 2005; Evans et al., 2008; Belmaker 

& Jetz, 2011).  Each study, including this study, shows that the relationship between 

richness and energy depends on spatial scale.  All prior studies have found that 

explanatory power increases monotonically or remains relatively constant as scale 

increases from fine to coarse.  However, the wavelet lifting approach presented here 

identifies one or two distinct peaks in the amount of variation explained by all energy-

associated variables as scale increases.  For studies that reported linear slope estimates by 

scale, slope strictly increased or decreased with scale (Evans et al., 2008; Belmaker & 

Jetz, 2011).  In contrast, the results of this study reveal that the slope values do not vary 

consistently in one direction as scale increases.  Perhaps previous studies may have failed 

to identify peaks and other changing relationships with scale because they use an 

overlapping-window approach, which integrates covariances up to a particular scale 

(including all finer scales) and is therefore insensitive to abrupt scale-dependent shifts in 

pattern.  The wavelet approach, which provides orthogonal or nearly-orthogonal 

decompositions of scale relationships, is sensitive to scale shifts. 

There are many advantages to using the ‘one-at-a-time’ wavelet lifting approach 

presented here.  First, the analysis is computed directly on point data.  Most other large-

scale studies of species richness use range maps or atlas data upon which a grid is 

imposed.  Second, scale is a continuous variable determined by the spatial pattern of the 

point data.  Focal scale partitions were determined by model fit and not arbitrarily 

partitioned by the analyst.  Third, this method can be applied to many different types of 

ecological data. This analysis uses point data and neighbor networks defined based on 
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distance.  This method may also be applied to predefined networks, where edges are 

determined known patterns of gene flow or dispersal. 

Other interesting methods have been derived to detect and remove the effect of 

scale-dependent patterns.  Borcard and Legendre (2002) present a technique called 

principle coordinates of neighbor matrices (PCNM) in which scale-specific structuring 

variables are created by computing the eigenvectors of a thresholded distance matrix.  

The wavelet lifting method presented here builds on many of the desirable properties of 

PCNM.  Most notably, both techniques handle irregularly spaced data in two-dimensions.  

PCNM supplies valuable information about the relative difference between spatial scales 

of analysis.  The one-at-a-time-lifting technique furthers our understanding by providing 

an easily interpretable measure of scale.  The PCNM structure variables have been used 

to analyze scale-dependent relationships by first computing correlations between 

structure (or scale) and environmental variables, and then correlations between these 

correlations are analyzed to infer the relationship between environment and process by 

scale (Guénard et al., 2010).  By using wavelet coefficients, which have a well-defined 

and specific concept of scale, our methods allow for more direct analysis of scale-

dependent patterns. 

In summary, this study provides insight into the richness-energy relationship and 

raises interesting questions as to the mechanisms that could be driving these patterns.  

The results presented here support two of the three mechanisms hypothesized to be 

governing the species-energy relationship.  These are the “productivity” and 

“complexity” hypotheses.  The “one-at-a-time” lifting algorithm employed here is useful 

tool for consistent scale-specific analysis of species richness and energy. 
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Appendix A: Wavelet Lifting Proof of Methods 

In this study, the “one-at-a-time” wavelet lifting algorithm described on p. 64 and 

illustrated in figure 15 and figure 16 is used to create scale-specific decompositions of 

each variables.  Next, wavelet coefficients were partitioned into scale bins, and wavelet 

coefficient regression was used to determine the relationship between species richness 

and each energy variable at a particular scale.  Here we perform two additional analyses 

to verify these methods.  The first analysis is a simulation study designed to show that the 

methods used can reliably detect a known scale-dependent relationship.  The second 

analysis is a randomization study of the wavelet coefficients used to verify that the 

spatial-patterns observed are not an artifact of the dataset. 

 

SIMULATION STUDY OF KNOWN SCALE-DEPENDENT RELATIONSHIPS 

Two simulated surfaces were created with a known scale dependent relationship.  

This was done by: (i) distributing random points in a two dimensional space, (ii) 

assigning each point a random response value drawn from a standard normal distribution, 

(iii) two different Gaussian smoothing filters were chosen and used to create two different 

scale-dependent forms of the response variable (Gonzalez & Woods, 1992), (iv) a new 

surface (the dependent variable) was created as a linear combination of the two scale-

dependent response variables.  Figure A1 is an illustration of the dependent and 

independent surface used in this simulation study.  
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Figure A1: Scale dependent surfaces created using two different sized Gaussian 
smoothing kernels.  The dependent variable contains a linear combination of 
both small (< 1) and intermediate scale (6 < x < 1.5) components.  The 
independent variable includes only intermediate scale components. 

Second, the dependent and independent variables were wavelet transformed.  The 

relationship between the dependent and independent variable wavelet coefficients was 

analyzed to determine the number of evenly distributed scale bins.  The model with the 

lowest AIC had 5 scale bins with 91 points in each scale bin (Table A1). 
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Table A1: Model selection for the number of scale bins using the AIC. 

Number of Scales Number of Variables AIC 
1 1 -3938.8 
2 2 -3919.0 
3 3 -3929.2 
4 4 -3931.8 
5 5 -3949.7 
6 6 -3919.1 
7 7 -3919.1 
8 8 -3917.5 
9 9 -3917.5 
10 10 -3915.6 

 

Third, the linear relationship between the dependent and independent variable was 

analyzed across the five scale bins.  The slope of the relationship was computed at each 

scale bin.  The observed linear relationship (black line) was compared to the known linear 

relationship (red line) for each scale bin  (Fig. A2).  
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Figure A2: Shows the slope of the estimated relationship for each scale bin (black line) 
and the known slope (red line). 

The calculated slope value is very close to the known slope, indicating that the 

methods presented here accurately detect linear patterns of scale dependence.  Many 

surfaces with different scale-dependent patters were analyzed and produced nearly 

identical results. 
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RANDOMIZATION OF THE SPECIES-ENERGY REALTIONSHIP 

In this section, the wavelet coefficients for species richness were randomized 

across locations.  The wavelet coefficients for all energy variables remained the same, to 

preserve the spatial autocorrelation in the environmental variables.  Next, the slope of the 

species-energy relationship was recalculated for each scale bin.  This randomization 

process was repeated 10,000 times for each energy variable.  Figure A3 shows the mean 

slope and 95% confidence interval for each energy variable by scale. 

 

Figure A3: The mean slope and 95% confidence interval for the slope of the 
relationship between randomized species richness and each energy variable 
by scale. 
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After randomizing the species richness wavelet coefficients, the mean slope for 

the relationship between species richness and each energy variable is nearly zero.  Thus, 

indicating that the significant slope values revealed in this study are not an artifact of the 

dataset.  Furthermore, the 95% confidence intervals for the randomization rarely overlap 

with the 95% confidence intervals calculated for the slope estimate of each energy 

variable by scale in figure 18.  
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