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Abstract

My dissertation research tested elements of niche theory by determining how the popula-

tion dynamics of a terrestrial orchid, Goodyera pubescens, respond to abiotic gradients, and

how mycorrhizal fungi influence patterns of orchid recruitment. Long-term study plots were

established along a gradient from the southeastern Piedmont to the southern Appalachian

Mountains, encompassing a wide range of environmental conditions. I generated predictive

models to show how basic vital rates such as survival and reproduction depend on soil mois-

ture and understory light availability using a combination of approaches including abiotic

and demographic monitoring, soil analyses, targeted field experiments, genetic analysis, and

computer modelling. I then used these findings to compare predicted population growth

rates across abiotic gradients from modelling to realized distributions and abundances from

field data. I also conducted the first study to jointly characterize the spatial genetic struc-

ture of a plant and its mycorrhizal fungi, in order to test hypotheses about how patterns of

genetic diversity are shaped by demographic processes of a symbiotic plant-fungal system

along environmental gradients. Through field experiments I found strong evidence for fungal

limitations on patterns of plant recruitment that were context dependent (i.e. symbiotic

recruitment increased with both soil organic content and moisture). A key to these studies

has been the use of newly-available Bayesian statistical approaches to integrate multiple



types of data from a range of spatial and temporal scales, in order to build predictive models

with reasonable estimates of uncertainty.
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Chapter 1

Introduction and Literature Review

As processes such as global climate change and landscape modifications challenge ecologists

to make predictions about how species respond to a changing environment, a basic under-

standing of the processes shaping species distributions is needed (Thomas et al., 2004). The

geographic ranges of many species are characterized by strong gradients in abiotic condi-

tions and biotic communities over multiple spatial and temporal scales. Understanding and

accounting for the variability in ecological processes across these various scales is important

for making realistic predictions of species dynamics and potential responses to environ-

mental change (Davis et al., 1998). A rich theoretical literature exists on niche theory, but

sufficiently evaluating competing hypotheses within this literature will require more long-

term field studies linking species dynamics to underlying environmental variation, as well as

adoption of statistical methods that can properly evaluate variation in these relationships.

My dissertation research tested elements of niche theory by determining how the popula-

tion dynamics of a terrestrial orchid, Goodyera pubescens, respond to abiotic gradients, and

how mycorrhizal fungi influence patterns of orchid recruitment. Long-term study plots were

established along a gradient from the southeastern Piedmont to the southern Appalachian

Mountains, encompassing a wide range of environmental conditions. I generated predictive

models to show how basic vital rates such as survival and reproduction depend on soil mois-

ture and understory light availability using a combination of approaches including abiotic

and demographic monitoring, soil analyses, targeted field experiments, genetic analysis, and

computer modelling. I then used these findings to compare predicted population growth rates

across abiotic gradients from modelling to realized distributions and abundances from field

1
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data. I also conducted the first study to jointly characterize the spatial genetic structure of

a plant and its associated mycorrhizal fungi, in order to test hypotheses about how patterns

of genetic diversity are shaped by demographic processes of a symbiotic plant-fungal system

along environmental gradients. Through field experiments I found strong evidence for fungal

limitations on patterns of plant recruitment that were context dependent (i.e. symbiotic

recruitment increased with both soil organic content and moisture). A key to these studies

has been the use of newly-available Bayesian statistical approaches to integrate multiple

types of data from a range of spatial and temporal scales, in order to build predictive models

with reasonable estimates of uncertainty.

1.0.1 Study system

Terrestrial orchid mycorrhizae

This study’s focal species, Goodyera pubescens, is a terrestrial, evergreen, clonal orchid dis-

tributed throughout eastern North America, from Florida, west to Arkansas, north and east

into Canada. Like all orchids, its seeds lack significant nutrient reserves and are therefore

dependent on the transfer of carbohydrate energy, water and mineral nutrition from mycor-

rhizal fungi, at least until reaching photosynthetic stage (Rasmussen and Whigham, 1998b).

The fungi associated with G. pubescens are from the genus Tulasnella, a group of sapro-

trophic basidiomycetes from the order Tulasnellales. Little is known about the nature of the

relationship beyond the seedling stage, although adults remain heavily colonized by the fungi

(Rasmussen, 1995; Rasmussen and Whigham, 1998b), and the constraints on germination

are potentially large.

Overview of study design

The study used a hierarchical sampling design, consisting of 3 landscapes and 16 study grids

distributed across a geographic gradient of approximately 120 km. from Athens, Georgia to

the the Coweeta Long-term Ecological Research (LTER) site in the southern Appalachian
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Mountains. The 3 landscapes were the Whitehall Forest in Athens, GA, the Nancytown

area near Cornelia, GA, and the Coweeta LTER in North Carolina. Within each landscape,

we established six study grids (only four in Nancytown) each between 250 and 480 m2 in

size for a total of 16 study grids. For the purpose of abiotic monitoring, these study plots

were divided into 4 m2 cells. These grids were all located in relatively mature (80+ yrs old)

deciduous forest and chosen to reflect a range of elevation, temperature, and precipitation

conditions experienced by the forbs under study. Much of the analysis in this work adopts

a hierarchical Bayesian framework, which is a newly available tool being rapidly adopted by

more ecologists for analyzing complex problems. The approach is briefly introduced at the

end of this introduction.

1.0.2 Chapters

Chapter 1: Hierarchical controls on soil moisture

A consistent theme of this study is the importance of accounting for the abiotic gradi-

ents across which ecological processes unfold. I thus begin with a brief exploration of the

factors that control perhaps the most important abiotic variable - soil moisture - across

the geographic gradient of this study. Soil moisture is an important driver of many above

and belowground ecological processes (Weltzin and McPherson, 2000; Urban et al., 2000;

Churkina et al., 1999; Stephenson, 1998; McKenzie et al., 2003; Xiao and Moody, 2004).

Precipitation patterns and available moisture are also likely to change under various climate

change scenarios (Harte and Shaw, 1995; Gordon and Famiglietti, 2004). Thus, an ability to

predict how soil moisture is related to climate is of interest for explaining observed patterns

in ecological processes across current environmental gradients, and for making predictions of

how these processes are likely to be influenced by climate change.

It is generally agreed that soil moisture is jointly determined by factors at multiple

scales, from regional precipitation patterns, through meso-scale topographic impacts on flow

patterns and evaporation, down to micro-site characteristics of the soil, such as texture, that
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influence water-holding capacity (Helvey et al., 1972; Yeakley et al., 1998; Lookingbill and

Urban, 2004).

I use the overall study’s hierarchical sampling design to test the relative importance of

microsite and meso-scale variables for determining soil moisture within eastern deciduous

forests. A large part of the variance in soil moisture over time can be explained by precip-

itation in the previous week, however this effect varied across landscapes. I show that the

effects of precipitation patterns were mediated by characteristics of both meso-scale topog-

raphy and micro-site soil characteristics such as soil texture. Together, this work supports

the concept that factors at multiple spatial scales are important to determining soil moisture,

and sets the stage for understanding plant population responses to abiotically heterogeneous

landscapes.

Chapter 2: Spatial patterns of symbiotic germination

Chapter two uses seed packet experiments to test for mycorrhizal constraints on the recruit-

ment patterns of G. pubescens, and to see how these patterns may vary across the abi-

otic gradients. This is a critical step in understanding population dynamics because the

recruitment stage of many organisms’ life histories can be critical in determining popula-

tion dynamics, as juveniles often experience high mortality rates (HilleRisLambers et al.,

2002). The dependence of orchids on mycorrhizal fungi in order to reach photosynthetic

stage introduces a potential bottleneck on orchid recruitment, but very little is known about

the factors controlling the distribution of the fungi or how fungal distributions may constrain

orchid recruitment and distributions.

I used a series of seed introductions to show strong evidence of decreasing germination

success as seeds get further from adult plants, and increased success with increasing soil

moisture and organic content in areas greater than 1 meter from adults. I connect this work

with the demographic monitoring to show that patterns of germination success are highly

correlated with observed recruitment patterns at the population level.
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Chapter 3: Hierarchical analysis of terrestrial orchid distributions across

environmental gradients

Moving up in scale to population-level processes, I used extensive surveys and abiotic mod-

elling to explore how the distributions and abundances of two terrestrial orchids, Goodyera

pubescens and Tipularia discolor, are related to abiotic variables at different spatial scales.

Species distributions are the result of a combination of responses to ubiquitous environ-

mental gradients and a potentially wide range of biotic interactions. Responses to abiotic

variables, such as moisture, temperature, and resource availability, are modified by numerous

biotic processes, such as competition, dispersal, mutualisms, and disease. Therefore, models

that attempt to explain and predict species distributions must account for both the abiotic

template and biotic processes that are likely to shift observed distributions from the optimal.

Here I use hierarchical models to evaluate how two orchids, with different life history

characteristics, differ in responses to environmental gradients. Incorporating local spatial

effects serves two purposes: 1) estimation of the aggregate impact of local spatial processes

on species distributions and performance, relative to the abiotic ’signal’, and 2) a more honest

evaluation of the impact of environmental gradients on species distributions that accounts

for inherent spatial autocorrelation in the data.

I found light availability and soil moisture to be the most influential explanatory variables

for both orchid’s patterns of presence and abundance, but Goodyera was found to have greater

spatial effects than Tipularia. These differences are consistent with predictions based on life

history characteristics.

Chapter 4: Demographic responses of a terrestrial orchid to abiotic gra-

dients

In this chapter I expand on the idea of distribution modeling to look more directly at patterns

of performance. I test predictions of niche theory that suggest the possibility of substantial

population sizes even in habitat that is not suitable enough to maintain the population.
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Although many studies continue to describe demographic variability in natural populations,

less progress has been made in linking basic vital rates and overall population growth rates

to abiotic driving variables. I again use hierarchical Bayes methods for parameter estima-

tion and prediction across a range of environmental conditions and show how light and soil

moisture influence vital rates and overall population growth rates of G. pubescens. Com-

parisons with observed distributions suggest a lack of correspondence between distribution

and suitability that changes across spatial scales. Supportive of predictions of source-sink

and metapopulation theory, I find this species absent from some substantial areas of suit-

able habitat and present in some unsuitable habitats. This pattern is most evident at very

local spatial scales, while the correspondence between abundance and suitability increases

with increasing spatial scale. I also show how the uncertainty estimated by the models influ-

ences the evaluation of theory and helps inform the interpretation of predictions of species

dynamics.

Chapter 5: Spatial genetic structure of a terrestrial orchid and its symbi-

otic fungi

I finish the dissertation by examining how some of these key ecological interactions - responses

to abiotic gradients and mycorrhizal symbiosis - influence the distribution of genetic diver-

sity within and among populations of both the plant and fungi. Although many studies have

described patterns of genetic variability within and among populations of different plant

taxa, and some fungal taxa, no studies to date have concurrently studied the spatial genetic

structure of any plant and its mycorrhizal symbionts. In this study, I used genetic data

from five mapped populations of the terrestrial orchid, Goodyera pubescens, and its associ-

ated mycorrhizal fungi to show significant spatial autocorrelation in genetic diversity within

populations for both the plants and the fungi. However I found most of the genetic vari-

ability partitioned within populations compared to among populations, likely reflecting the

high dispersal capabilities and clonal growth of both taxa. I also report a limited pattern of
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association among plant and fungal genotypes after controlling for geographic distance. Com-

parisons of genetic diversity with abiotic and demographic variables are limited by sample

sizes, but suggestive of causal links between the abiotic environment, demographic rates, and

patterns of genetic diversity.

1.0.3 Framework for analysis

I have adopted a hierarchical Bayes (HB) framework for analysis in much of my dissertation

work. For researchers unfamiliar with Bayesian methods, some of the terminology will be

foreign at first, but its basis in probability theory and close relationships to standard linear

models afford ecologists some familiarity. In a brief introduction to these methods here, I

explain the basic structure of hierarchical models, what it means to be Bayesian, and what

some of the advantages may be for analysis of ecological processes.

Traditional statistical approaches have been largely inadequate for incorporating com-

plex, hierarchical datasets, and too awkward for adequately making predictions that reflect

the uncertainties in the system. Developments in statistical approaches in the last decade

that have accompanied improved computer technology are now providing exciting alterna-

tives that allow more useful integration across levels of organization (Clark, 2005; McMahon

and Diez, 2005). Critical to developing and testing ecological theory, as well as evaluating

likely response to such perturbations as climate change, these models allow more robust

prediction through proper incorporation of multiple sources of uncertainty.

It is important to recognize that not all hierarchical models are Bayesian, and not all

Bayesian analysis is hierarchical. It turns out that for moderately complex hierarchical prob-

lems (and even simple ones) it is just more feasible and powerful to implement hierarchical

models in a Bayesian framework.
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Hierarchical linear models (HLMs)

Hierarchical linear models (HLM), sometimes called ‘mixed models’, use nested regression

equations to investigate associations between variables at different scales. Ecologists are

well-aware of simplified forms of HLM, such as nested ANOVA designs. An increase of

computational power is now allowing the exploration of more complex models. Begin with a

simple regression equation:

Yij = β0j + β1jXij + rij, (1.1)

where Yij is a measured response variable, which has a group-level intercept β0j, and is

related to an individual-level predictor variable, Xij by the group-level regression coefficient,

β1j. Because the response variable Y is associated not only with the individual i observations,

but is nested within the j groups, the residuals can not be assumed to be normally distributed.

HLM accounts for this. The second level of the hierarchy consists of equations describing the

intercept and slope terms from the first level:

β0j = γ00 + γ01Wj + u0j, (1.2a)

and

β1j = γ10 + γ11Wj + u1j, , (1.2b)

where now γ00 and γ01 are level-2 coefficients for the intercept and slope respectively of these

level-2 regression models (in other words, the γ parameters are group-level equivalents of the

β parameters at the individual level). Wj is a level-2 predictor, as was Xi in equation (6.1). u0j

and u1j are the level-2 random effects that are assumed to be distributed normally with means

of zero and variances of τ00 and τ11 respectively. The covariance between these random effects

is τ01. The main difference between this hierarchical specification and single-level models is

the treatment of correlated error. The typical ordinary least squares (OLS) approach requires

the deviations from the grand mean to be independent, normally distributed, and with

constant variance. In fact, if the u0j and u1j terms are zero, this model reduces to a model



9

similar to an OLS model. The hierarchical model can now be used to infer relationships

between predictor variables and the response variable at specific scales.

Bayesian analysis

At the core of Bayesian analysis is Bayes theorem, which simply says that the probability of

Y, given X, equals the probability of X, given Y, times the probability of Y, all divided by

the probability of X, as such:

P (Y |X) =
P (X|Y )P (Y )

P (X)
(1.3)

As mundane as it may seem at first glance, there are books written about the implications of

this simple relationship of probability theory for statistical analysis. At its heart though, the

significance is the following: while frequentist (classical) statistics asks what the probability

of obtaining the data is, given a particular hypothesis (or alternatively, given a particular

parameter value), we use Bayes theorem to flip this around and ask what the probability of a

hypothesis (or parameter value) is, given the data. For most researchers, this makes intuitive

sense: what we know for sure are the data in hand (though we may add in measurement

error), and what we want to know is the probability that our hypothesis is correct (or even

better: which is the most probable hypothesis out of a set of conceivable alternatives). Bayes

theorem allows us to do this.

Abstract in this form, it may be easier to think of an example that will appear in my dis-

sertation. Let X above be data on whether or not individuals survived in several populations,

and Y is the true probability of survival that we are interested in estimating. Bayes theorem

gives us a probability distribution (the posterior) for the true probability of surviving (Y),

given that we observed some number to survive (X).

To actually calculate this ‘posterior’ probability distribution, we need two essential com-

ponents, which arise again and again in my dissertation: the likelihood (probability of the

data, given a hypothesis or parameter value) and a prior (the distribution describing the

a priori probability of different parameter values). Together, these allow us to describe the
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posterior distribution as proportional to the likelihood times the prior:

Posterior ∝ Likelihood× prior (1.4)

Because I had no prior data to inform my estimation of parameters in this study, I use

‘non-informative’ prior distributions (i.e. all values of a parameter, for example survivorship,

are equally likely, or nearly so, before considering the data), which allows the data solely to

describe the posterior distribution. The likelihood describes the sampling distribution from

which the data was drawn, and may be the Normal distribution for many types of data, or

the Poisson for count data, or the Binomial for dichotomous ’coin-flipping’ type trials such

as whether individuals survive or not. The posterior distributions then are actual probability

distributions, and contain everything we need to know about the variable of interest. They

can thus be summarized in a variety of ways. The most convenient summaries are the means

and 95% intervals, which give an indication of the direction of the effect and the uncertainty

of that estimate.

Hierarchical Bayes

Combining the HLM and the Bayesian framework, we have hierarchical Bayes models.

Whether a researcher is drawn philosophically to Bayesian or frequentist analysis, in practice

many of the hierarchical models of even modest complexity are easier to implement in the

Bayesian framework (Raudenbush and Bryk, 2002).

Thus, although the preferred approach may vary with the particular problem, a hierar-

chical Bayesian statistical framework is increasingly turned to by ecologists for pragmatic

advantages for dealing with complex ecological datasets (Clark, 2005). Several of these advan-

tages that are relevant to this study include:

• First, it provides a flexible framework capable of accommodating a wide range of study

designs including unbalanced designs and use of multiple data sources (Okuyama and

Bolker, 2005; Clark and LaDeau, 2005).
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• Second, the data is structured, both from sampling design (cells within grids, grids

within landscapes), and from levels of biological organization (individuals within pop-

ulations, within species), and hierarchical models enable hypotheses to be tested at

each of these levels explicitly (Raudenbush and Bryk 2002, McMahon and Diez 2005).

• Third, and particularly important for applications in which prediction is of interest,

the full Bayesian framework enables a full accounting for all sources of variability that

inevitably contribute to the overall uncertainty of model inference. Inference of every

parameter in a model is inherently dependent on the uncertainty of other parameters

because of the structure of the model and process of conditional MCMC updating

(Raudenbush and Bryk, 2002).

• Finally, the interpretation of posterior distributions as direct summaries of the proba-

bility of model unknowns, given what is known, is both philosophically appealing and

practically convenient for communicating results (Ellison, 1996; Wade, 2000).

Typically cited as the strongest argument against Bayesian methods, the inappropriate-

ness of having to assign prior beliefs to parameter values, is largely a non-issue given modern

computation. As some authors point out, it can still be difficult or impossible to assign

fully non-informative priors in multi-level models, but the effects are small compared to the

increased range of model structures that become available.

There are a small but growing number of examples in the ecological literature in which

hierarchical Bayes models are used for applications similar to my work. These include spatial

distribution models of the generalized linear mixed model form (GLMM) with explicit spatial

effects allowing for otherwise unexplained autocorrelation of responses or explanatory vari-

ables (Fleishman et al., 2001; Hooten et al., 2003; Gelfand et al., 2005), species demography

(Clark, 2003; Clark et al., 2005), population spread rates (Wikle, 2003a).
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abstract

Soil moisture is a major driver of many aboveground and belowground ecological processes,

so it is important to understand how it varies across different spatial scales. A hierarchical set

of factors is thought to be important in determining soil moisture, from regional precipitation

patterns down to meso-scale topography and micro-site soil characteristics. However, despite

an extensive literature on modeling soil moisture, there have been surprisingly few tests of

this idea across nested spatial scales, and none within a hierarchical statistical framework.

Moreover, precipitation patterns are predicted to change with changing climate, so it is

important to build predictive models that incorporate precipitation and key explanatory

variables from different scales.

In this study I used a hierarchical study design to test whether microsite and meso-

scale variables are important for soil moisture relative to precipitation patterns across a

large geographic and environmental gradient within southeastern deciduous forests. I used

a hierarchical Bayesian regression framework to show that the influence of precipitation

patterns on soil moisture is mediated by characteristics of both meso-scale topography, most

notably aspect, and microsite soil characteristics such as soil texture and organic content.

The precipitation in the previous week significantly affected soil moisture readings, but this

effect varied across landscapes. Together, this work supports the concept that factors at

multiple spatial scales are important to determining soil moisture, and provides an example

of the utility of hierarchical Bayes models for estimating the contributions of multi-level

explanatory variables and building predictive models that realistically reflect the variability

and uncertainties in the system.

Introduction

Soil moisture is important for many ecological processes, including individual plant recruit-

ment and growth (Knapp and Canham, 2000), plant species distributions and community
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composition (Weltzin and McPherson, 2000; Urban et al., 2000; McKenzie et al., 2003;

Stephenson, 1998; Zinko et al., 2005), soil community composition (Ettema et al., 2000),

nutrient cycling and decomposition rates (Knoepp and Swank, 2002; Hackl et al., 2004;

Pavao-Zuckerman and Coleman, 2005), and overall ecosystem productivity (Churkina et al.,

1999; Xiao and Moody, 2004; Webb et al., 1983; Rosenzweig, 1968). Even extremely local

variation in edaphic factors such as soil moisture can be critical for individual plant per-

formance, competition dynamics, and determining local community composition (Hutchings

et al., 2003). Root foraging has been shown to respond to local microsite variation in nutrient

availability, which is strongly influenced by soil moisture. Moreover, many organisms and

ecosystem processes may respond to the variation in moisture patterns as much as the mean

values (Knapp et al., 2002).

It is also likely that precipitation patterns and available moisture may change under

various climate change scenarios (Harte and Shaw, 1995; Gordon and Famiglietti, 2004).

The magnitude of change is uncertain, and there is likely to be significant variation across

regions, but some change is likely (IPCC 2001). Thus, an ability to predict how soil moisture

is related to precipitation is of interest for explaining observed patterns in ecological processes

across existing environmental gradients, and for making predictions of how these processes

are likely to be influenced by climate change.

It is generally agreed that soil moisture is jointly determined by factors at multiple scales,

including regional precipitation patterns, meso-scale topographic impacts on flow patterns

and evaporation, and micro-site soil characteristics that influence water-holding capacity

(Helvey et al., 1972; Yeakley et al., 1998; Lookingbill and Urban, 2004). This hierarchical

set of controls appears to be the case in the highly heterogeneous environments of eastern

deciduous forests (Helvey et al., 1972; Yeakley et al., 1998), where this study takes place.

In particular, previous studies have identified the important influences on soil moisture to

be local soil properties (Helvey et al., 1972; Boyer et al., 1990), and intermediate scale

topography (Lookingbill and Urban, 2004).
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Despite the acknowledgement of this hierarchical structure, and a substantial amount

of soil hydrologic process and statistical modeling (reviewed by Mahmood, 1996; Western

et al., 2002) there has often been a gap between the conceptual model of how these processes

operate, and the actual analysis. Regression models that incorporate multiple scales can

include variables at one scale that significantly influence the estimation and interpretation

of effects of variables at other scales (Raudenbush and Bryk, 2002). Therefore, although

individual studies investigating the importance of explanatory factors at a given level have

been important for identifying a suite of relevant controllers of soil moisture, efforts are

needed to integrate data from multiple scales within single coherent multi-level models to

distinguish their relative importance.

Fortunately, explicitly hierarchical models suited to this task are becoming more widely

available with advancements in computational statistics (Raudenbush and Bryk, 2002), and

hierarchical models implemented with a Bayesian framework specifically are beginning to

be used more frequently by ecologists for a variety of complex, multi-level problems (Wikle,

2003b; Clark, 2005; McMahon and Diez, 2005). In this study, I show how such hierarchical

models may be useful for explaining soil moisture patterns as a function of key explanatory

variables at different scales. Through simultaneous estimates of factors at multiple scales,

while including associated variability at each level, these methods also provide straight-

forward translation of parameter estimates to predictions with appropriate amount of esti-

mated uncertainty. Overall, it is argued that such methods may provide a useful probabilistic

link between local ecological processes and climatological changes across broader landscapes.

This study focuses on two essential questions for understanding and predicting patterns

of soil moisture based on key controlling variables:

(1) At what spatial scales does soil moisture vary most, from local microsites to large

latitudinal gradients?
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(2) What are the relative importance of key explanatory variables, such as topographic

features and soil properties, for mediating the effects of regional precipitation patterns on

soil moisture in forested landscapes?

Materials and Methods

Study Design

A hierarchical sampling design was used to capture a range of environmental conditions

across a geographic gradient of approximately 120 km. from the Piedmont of Georgia to

the Southern Appalachian mountains (Figure 3.2). At the largest scale, I sampled three

landscapes along this gradient: Whitehall Forest in Athens-Clarke County, GA (33◦92’ N

latitude, 150-240 m elevation), the Nancytown area (34◦31’ N latitude, 315-450 m elevation)

Habersham County, GA, and the Coweeta Hydrologic Laboratory (35◦03’ N latitude, 750 -

1,500 m elevation) in Macon County, N.C. Within each landscape, I established six study

grids (four in Nancytown) between 250 and 480 m2 in size for a total of 16 study grids,

which were divided into 4 m2 ‘cells.’ All sites were placed in relatively mature (∼ 80 yrs old)

deciduous forest, and chosen to reflect the range of elevation, topographic, and precipitation

conditions in the region.

Soil Moisture

The handheld Soil Water Content Measurement System from Hydrosense was used to mea-

sure soil moisture in the top 12 cm of soil in 16 2 x 2 meter cells within each of sixteen

grids every two weeks during 2003. These 16 cells were distributed evenly across the grid, for

a total of 256 cells measured on 23 sampling dates. Daily precipitation data were obtained

from three sources for the different landscapes: Coweeta Hydrologic Lab (35◦03’N / 83◦26’W),

the NCDC climate station in Cornelia, GA (34◦31’N / 83◦32’W), and the Georgia Forestry

Commission station at Whitehall Forest in Athens, GA (33◦92’N / 83◦30’W).
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Soil Analyses

Three 12 cm soil cores were taken within a 0.5m radius from the center of each of the 16

“intensive” cells within each of the 16 study grids for analysis of soil texture and organic con-

tent. The three soil cores from each cell were bulked and sifted through a 2 mm sieve to obtain

sufficient quantity for all soil analyses, for a total of 256 samples. In a few circumstances,

course rocky topsoil prohibited three complete 12 cm cores and 4 more shallow cores within

the 0.5 m radius were used. Organic content was determined by percent weight lost after

combustion in a muffle oven. Soil texture was determined using the hydrometer method (Gee

and Bauder, 1986). Because percent sand and percent clay were highly correlated, percent

sand was used as the index of soil texture in all analyses.

GIS Analyses

For all topographic analyses, NED 1/3 arc second DEMs (digital elevation models) with 10

meter resolution were obtained for each study landscape from the USGS (Data available

from U.S. Geological Survey, EROS Data Center, Sioux Falls, SD). A variety of topographic

variables were derived from this DEM using ESRI’s ArcGIS 9.0 and Arc GRID software,

including slope, aspect, flow accumulation, distance to ridge, and distance to nearest stream.

Aspect was cosine transformed to vary between 1 and -1 via −(cos(aspect − 180)), similar

to Urban et al. (2000) but here using a 180 degree offset, giving North facing slopes a value

of 1 and South facing slopes a -1. The basic topographic data were used to model two

derivative measures of potential topographic wetness. First the commonly used Topographic

Convergence Index (TCI) was calculated as Ln(flowaccumulation/(tan(slope)) (Beven and

Kirkby, 1979). A second topographic index was calculated to reflect the combination of the

relative slope position of site within a watershed, and the overall size of the sub-watershed

of which any given site is a part. This index, Relative Slope Position and Watershed Size
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(“RSPWS”), was calculated as

RSPWS =
distance to ridge

distance to ridge + distance to stream
∗ FA

where FA is the flow accumulation of the nearest downslope stream. This measure therefore

weights the size of the nearest stream by the relative slope position.

Statistical modeling

Hierarchical Bayesian models were used for all analysis, including partitioning variance in soil

moisture measurements and estimating the effects of predictor variables from multiple spatial

scales. The model consists of a nested set of regression equations, with 4 levels and covariates

at 3 of these levels. The level-1, temporal model, is the level at which the soil moisture data

are collected: twenty-three measurement dates in each of 256 cells. The covariate of interest

at this level is the amount of precipitation in the preceding week. The first spatial level is

the microsite (cell), and is the scale at which I hypothesize soil properties (soil texture and

organic content) to be important determinants of soil moisture. The second spatial level is the

grid (250 - 480 m2), where topographic variables such as slope, aspect, and flow accumulation

are hypothesized to be important. At the largest scale, landscapes, any regional differences

that impact soil moisture are accounted for, but covariates are not explicitly included at

this level (although the temporal differences in precipitation also account for variation at

the landscape level, as described later). So, the first level of the model relates individual soil

moisture measurements to precipitation as follows:

Ycglt = αc + ψl ∗ preciplt + εt (2.1)

where Ycglt is the soil moisture in cell c, grid g, landscape l, at time t, and is a function of a cell-

specific intercept αc and the precipitation in the preceding week in that landscape, preciplt.

The precipitation coefficient ψl represents the effect of precipitation on soil moisture, and is

estimated for each landscape, but is modeled hierarchically such that ψl ∼ Normal(µ, τ).
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The ‘hyperpriors’ on µ and τ are specified as non-informative. The temporal variation is

considered Normally distributed as εt ∼ Normal(0, τtemp).

Forming the hierarchical link to higher levels, the cell-level intercepts are considered

random effects drawn from a distribution as follows:

αc = γg + β1sandc + β2lightc + β3organicc + εc (2.2)

where γg is a grid-level intercept, β’s are coefficients describing the effects of cell-level covari-

ates, and the error term is again Normally distributed as εc ∼ Normal(0, τcell). The esti-

mated coefficients for the covariates again at this level are assumed to be random variables

but invariant across sites and years, as there is no a priori reason to assume otherwise. Each

coefficient is given a non-informative prior distribution: β1−3 ∼ Normal(0, 1000)

The grid-level intercepts are modeled similarly, with landscape level intercepts and grid-

level covariates:

γg = λl + δ1RSPWSg + δ2TCIg + δ3Elevg + δ4Aspectg + εg (2.3)

where λl is a landscape-level intercept, δ’s are coefficients describing the effects of topographic

covariates, and the error term is again Normally distributed as εg ∼ Normal(0, τgrid). The

estimated coefficients for the covariates again at this level are assumed to be random vari-

ables but invariant across sites and years. Each coefficient is given a non-informative prior

distribution: δ1−3 ∼ Normal(0, 1000). The landscape level intercepts are modeled hierarchi-

cally with a global mean and landscape level variance: λl ∼ Normal(µ, τland). The global

mean is given a prior µglobal ∼ Normal(0, 1000) and the priors for all variance parameters are

uniform distributions on the standard deviations Gelman et al. (2004). Variance partitioning

was performed by fitting an unconditional model and calculating intraclass correlation coef-

ficients (Raudenbush and Bryk, 2002).

All Bayesian models were fit using WinBugs 1.4, which uses a variety of Markov Chain

Monte Carlo (MCMC) sampling methods, depending on the demands of the model, to

describe the posterior distributions of model parameters (Spiegelhalter et al., 2002; Gilks
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et al., 1996). I simulate three independent chains, and convergence was assessed via visual

inspection of chain histories and the Gelman-Rubin statistic. Although convergence occurred

quickly with these models, a burn-in period of 5,000 iterations and slight thinning rate were

used to assure satisfactory sampling of posterior distributions.

Results

Scales of Variability

Significant variability in soil moisture existed at multiple spatial and temporal scales

across the sampled gradient. There was a significant gradient in precipitation from Athens

to Coweeta (Figure 2.2), and a high degree of correlation in precipitation among land-

scapes across years (correlation coefficients: 0.94 between coweeta-nancytown, 0.98 between

nancytown-whitehall, and 0.98 between coweeta-whitehall). This correlation decreases how-

ever when landscapes are compared at a monthly time frame (correlation coefficients:

0.70 between coweeta-nancytown, 0.73 between nancytown-whitehall, and 0.57 between

coweeta-whitehall).

I also found significant temporal variability in soil moisture, including a periodicity related

to seasons. Patterns of soil moisture are quite consistent spatially at different scales. For

example, Figure 2.3 shows the parallel patterns in soil moisture across grids within the

Coweeta landscape, and within one of those grids, 36A. Partitioning the variance in soil

moisture using an unconditional model, I found that the majority of the variation was found

at the landscape scale (85%), while only 5%, 3%, and 6% was found at the grid, cell, and

temporal scales (Table 2.2).

Interactions among precipitation, topography, and soil characteristics.

The relative consistency of soil moisture among grids, as well as consistent responses to pre-

cipitation events can be seen in Figure 2.4. The hierarchical regression models indicated an

influence of factors at multiple spatial scales (Figure 5.3, Table 2.1). At the landscape scale,
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soil moisture values are significantly related to the amount of precipitation in the previous 6

days, with the most significant effect occurring in the Whitehall landscape. However, regres-

sion analysis using longer time periods preceding the sample dates showed that precipitation

appears to have an impact for a longer period of time at Coweeta. At the within-watershed

level, soil moisture was most related to aspect, and microsite soil organic content and texture

were significantly correlated with soil moisture values. Table 2.1 gives the exact values of the

parameter estimates.

The intraclass correlation coefficients in Table 2.2 describe the effect that adding explana-

tory variables at each level of organization has on the variance partitioning, and the pro-

portion of variance explained relative to the unconditional model can be calculated. Adding

precipitation (in the “Time” model) explains 13% of the variation at the level-1 of the model

and 54% of the variation at the landscape level. Adding cell-level covariates (sand and %

organic) explains 7% of the cell variance and 26% of the grid-level variance, suggesting that

soil texture differences measured at the microsite level also vary considerably among grids.

Finally, adding aspect at the grid level does not reduce the variance any more, suggesting

that the influence of aspect is masked by differences in soil texture.

Discussion

This study used hierarchical statistical modeling to quantify the importance of variables at

each of three spatial scales for determining soil moisture across a latitudinal and environ-

mental gradient, and partition the overall variance among these levels. The relative ranking

of wet and dry sites, both among grids and within grids, remained very consistent, sup-

porting the idea that there are site-specific characteristics that determine moisture supply

and retention. The consistent effect of recent precipitation on measured soil moisture is per-

haps not surprising, but suggests that patterns of precipitation at the scale of latitudinal

gradients - more so than topographic or soil properties - tend to determine relative soil

moisture. This link between precipitation and soil moisture is important to quantify for its
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implications for the responses of terrestrial systems to changes under climate change sce-

narios. After accounting for the effects of precipitation, sandier soils at the microsite scale (4

m2) and south-facing slopes at the meso-scale (∼ 300 - 500 m2) had negative impacts on soil

moisture. The ‘microsite’ soil texture also explains much of the variation at the grid level,

however, demonstrating the importance of explicitly partitioning the variance in a hierar-

chical model framework. Although topographic variables may be found to be ‘significant’

explanatory variables, their effects may be swamped out by variables at other scales.

The results of this study support the findings of other studies, although most studies

have focused on individual scales or variables in isolation, so the relative contributions to

soil moisture are difficult to compare. A number of studies have found support for the

importance of topographic variables (van Asch et al., 2001; Lookingbill and Urban, 2004)

and the combination of topography and soil storage properties (Helvey et al., 1972; Boyer

et al., 1990). In a study conducted within one of the watersheds used in this study, the

Coweeta basin, Yeakley et al. (1998) found evidence of both topographic and soil texture

controls of soil moisture, and interestingly found that the relative impact of these factors

varies with soil depth and time since rain. (Boyer et al., 1990)

Scale, prediction, and uncertainty

The centrality of soil moisture to so many ecological processes, and the likelihood of changes

under climate change scenarios, make it imperative to begin building predictive models of

the implications of changes in precipitation patterns. Realistic prediction requires careful

attention to scale and adequate estimation of associated process variability and uncertainty

(Turner et al., 1989; Clark et al., 2001). Hierarchical views of soil ecology and landscapes

have been around for some time now (Allen and Starr, 1982; Coleman et al., 1992), and scale

remains a central organizing principle in ecological research today (Keitt and Urban, 2005;

Harte et al., 2005). This attention to scale has carried over to both conceptual and empirical

studies of soil moisture and microclimate more generally (Chen et al., 1999).
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Conceptual models of how hierarchical processes interact at different scales become imple-

mented via the modeling framework chosen in each study. Western et al. (2002) describe

two broad modeling approaches for addressing the scaling characteristics of soil moisture:

‘behavioral’ techniques based on statistical relationships at different scales, and ‘process-

based’ techniques which typically involve deterministic distributed water balance models.

Both sets of approaches have advantages and disadvantages that must be balanced given the

goals of a study, and both may address scale issues in different ways. The appeal of process

models for elucidating underlying physical processes determining water and biogeochemical

distributions across a landscape (Abbott and Refsgaard, 1996; Grayson and Bloschl, 2000;

Band et al., 2001), is tempered by limitations of intensive data requirements and computa-

tional demands that force researchers to focus on certain spatial or temporal scales (Western

et al., 2002). Distributed process models can struggle with both the incorporation of scale

and estimation of uncertainty (Beven, 2001).

A variety of statistical approaches have also been used to explore scale relationships of soil

moisture, including wavelet analysis (Chen et al., 1999), probabilistic models (Ridolfi et al.,

2003), structural equation modeling (Benayas et al., 2004), correlation analysis (moving

windows of different scales) and variograms and cross-variograms (Urban et al., 2000; Look-

ingbill and Urban, 2004; Xu et al., 2004). Although each of these techniques provides useful

properties for some applications, there are several nice properties of the hierarchical Bayes

approach described here for applications such as this, including: (1) flexibility to build models

that integrate complex datasets with multiple sources of information, often from unbalanced

sampling designs (Clark and Bjornstad, 2004; Clark and LaDeau, 2005); (2) propagation of

known process variability and measurement uncertainties to prediction uncertainty (Clark,

2005); (3) explicit consideration of explanatory variables at a range of scales simultane-

ously (Raudenbush and Bryk, 2002; McMahon and Diez, 2005); (4) conceptual similarities

to regression analysis (Raudenbush and Bryk, 2002).
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The key to the ability of this hierarchical Bayesian modeling to transfer uncertainty

about parameters across levels of the model lies in the Markov chain Monte Carlo (MCMC)

sampling procedure that estimates every parameter in the model as conditional on all others

simultaneously (Gilks et al., 1996). The possibilities of hierarchical Bayes models for pre-

diction offer significant potential for modeling of soil moisture. Although not performed in

this study, one could map this model back onto landscape, similar to that done by others

(Lookingbill and Urban, 2004). Obtaining quality soil property data over large spatial scales

is difficult, but it is still informative to put into such a model, when available, for what is

learned about relationships at all levels. Inclusion or exclusion of explanatory variables at

one level of a multi-level model can influence the interpretation of variables at other levels

(Raudenbush and Bryk, 2002). Prediction can still proceed in applications with no knowl-

edge of the soil characteristics. The inference about unknown places will in such cases be

based on data from other scales (e.g. topography) alone, while incorporating the uncertainty

from the unknown, but important, microsite soil characteristics.

A useful approach for many questions may in fact be an integration of statistical models

and process-based models, and an important role for the hierarchical framework described in

this paper is identification of key explanatory variables and scales that are most important

to include. And by partitioning variance of a full model into different components, we can

learn how important variables are at different scales and weigh their inclusion against the

difficulties of obtaining them.

Conclusions

Ecologists, and perhaps landscape ecologists in particular, are very accustomed to thinking

about processes as scale-dependent. The distribution of soil moisture is a critical process

for many biological processes in ecological systems and is determined by factors at multiple

scales. Hierarchical Bayesian models are now providing a useful framework for integrating

information from different spatial scales to build predictive models with associated estimates
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of uncertainty (Banerjee et al., 2004; Gelman et al., 2004). This study has provided an

example of the utility of using models that reflect the hierarchical process of interest.
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Figure 2.1: Hierarchical Study Design. A hierarchial sampling design was used to explic-
itly investigate scale-specific controls on soil moisture. At the largest scale, three landscapes
were sampled across a gradient stretching from the Piedmont of Georgia to the southern
Appalachian mountains. Within each landscape 4 to 6 population-level sites (grids) were
selected to represent a range of topographic conditions. Each site was then divided into 2 x
2 meter cells, sixteen of which were regularly monitored for soil moisture and characterized
for soil properties.
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Figure 2.2: Large-scale precipitation patterns. At both yearly (a) and monthly (b) time
scales, there are consistent patterns of precipitation differences at the largest spatial scale of
the study

Table 2.1: Regression Coefficient Estimates: Given are sum-
maries of the posterior distributions for model parameters. In bold
are coefficients with posteriors not substantially overlapping zero.

Parameter Mean SD 2.50% 97.50%
Microsite
sand -0.27 0.06 -0.40 -0.15
% Organic -0.09 0.05 -0.19 -0.002
Summer light (cell) 0.04 0.04 -0.05 0.12
Fall light (cell) -0.03 0.05 -0.13 0.07
Population
RSPWS 0.35 0.35 -0.34 1.05
TCI -0.02 0.17 -0.35 0.31
Aspect 0.30 0.19 -0.07 0.68
Elevation 0.34 0.60 -0.76 1.69
Slope -0.18 0.40 -0.98 0.63
Summer light (grid) 0.25 0.48 -0.71 1.20
Fall light (grid) 0.13 0.19 -0.25 0.51
Landscape
Cow Precip 0.27 0.02 0.23 0.30
Nancy Precip 0.20 0.02 0.17 0.24
WH Precip 0.67 0.04 0.60 0.74



28

Date

Jul−01 Dec−01 May−02 Dec−02 Jul−03 Jan−04

0
5

10
15

20
25

30
35

40
36A
36G
7
18C
18H
12

(a) Grid-level patterns

Date

Jul−01 Dec−01 May−02 Dec−02 Jul−03 Jan−04

0
5

10
15

20
25

30
35

40
45

50

(b) Within-grid: 16 cells

Figure 2.3: Spatial Patterns consistent across spatial scales Patterns of measured soil
moisture remain consistent across spatial scales, from (a) the among population soil moisture
values in the Coweeta landscape, and (b) for example, within the 16 measured cells in one
of the study grids at Coweeta
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(c) Coweeta

Figure 2.4: Relationship between precipitation events and soil moisture Histograms
show the rainfall events throughout the year, with mm on the y-axis. Overlaid lines represent
the biweekly grid-level average of 16 TDR (percent soil moisture) readings on each grid. Data
is shown for the three different landscapes, from south to north: (a) Whitehall forest, Athens,
GA; (b) Nancytown forest, Cornelia, GA; and (c) Coweeta forest, Otto, NC
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Figure 2.5: Coefficient Estimates: Lines represent 95% credible intervals of posterior distri-
butions of regression coefficients. Those not overlapping zero may be considered ’significant’
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Table 2.2: Variance partitioning: Reported are the variance com-
ponents for each level of the model, the intra-class correlation coef-
ficients, and the proportion of variance explained by adding covari-
ates.

Level of model: Time Cell Grid Landscape

Variance (σ2)

Unconditional 0.43 0.20 0.36 5.70
Time 0.37 0.20 0.36 2.6
Time and cell 0.37 0.18 0.26 2.09
Time, cell, grid 0.37 0.18 0.27 2.79

Intra-class correlation coefficients

Unconditional 0.06 0.03 0.05 0.85
Time 0.11 0.06 0.10 0.74
Time and cell 0.13 0.06 0.09 0.72
Time, cell, grid 0.10 0.05 0.07 0.77

Proportion explained relative to unconditional

Time 0.13 -0.02 0.00 0.54
Time and cell 0.13 0.07 0.26 0.63
Time, cell, grid 0.13 0.07 0.24 0.51
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abstract

The recruitment stage of many organisms’ life histories can be critical in determining popula-

tion dynamics, as juveniles often experience high mortality rates. The offspring of plants are

subject to the abiotic and biotic environments where they happen to land after dispersal, with

little recourse for moving to another habitat. Terrestrial orchids differ from most vascular

plants in their obligate dependence on mycorrhizal fungi in order to reach photosynthetic

stage. Despite this important potential bottleneck on orchid recruitment, very little is known

about the factors controlling the distribution of the fungi or how fungal distributions may

constrain orchid recruitment and distributions. In this study, I use seed introduction experi-

ments to test for relationships between symbiotic germination success and both proximity to

adult orchids, and soil abiotic conditions, for the terrestrial orchid Goodyera pubescens. By

conducting these experiments in natural populations of individually mapped plants whose

growth, recruitment and reproduction have been monitored for five years, I am also able to

place the patterns of symbiotic germination rates in the context of observed, longer-term

demography across populations. I find strong evidence of decreasing germination success

as seeds get further from adult plants, and increased success with increasing soil moisture

and organic content in areas greater than 1 meter from adults. Moreover, the demographic

monitoring shows that patterns of germination success are highly correlated with observed

recruitment patterns at the population level. By linking the hypothesis testing in this study

to predictive model building, an effort is made to begin coupling our growing understanding

of the basic biology of these species with probabilistic models that can be used for robust

prediction.

Introduction

The recruitment of new individuals into a population can be an important process for

determining population dynamics and community structure (HilleRisLambers et al., 2002).
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Restrictions on fecundity and dispersal can limit the number of propagules available for sub-

sequent development, and juveniles often experience high mortality rates. Thus, an under-

standing of patterns of recruitment, particularly when linked to underlying relationships with

abiotic factors, is important for inferring many aspects of population dynamics, including

population spread rates and responses to changing climate and land use (Clark et al., 1999;

Silvertown et al., 1993; Uriarte et al., 2005; Munzbergova and Herben, 2005).

Although forest herbs constitute most of the vascular plant diversity in eastern deciduous

forests, little is known about their long-term population dynamics. In a recent review of

woodland herb ecology, Whigham (2004) highlights the fact that although much is known

about the basic biology of many of these species, there have been few detailed studies that

allow the prediction of population dynamics over larger spatial and temporal scales. One

step toward building an understanding sufficient for predicting population dynamics is to

design studies that link important demographic stages to underlying driving variables and

explicitly quantify the uncertainties of predictions (Franklin et al., 2000; Clark, 2003).

Most, if not all, perennial forest herbs are either obligate or facultative associates with

mycorrhizal fungi (Whigham, 2004). While most mycorrhizal relationships are thought to

be mutualistic, with the fungus providing phosphorus or nitrogen and the plant providing

carbohydrates derived from photosynthesis, there appear to be many variations on this rela-

tionship, both between taxa and for the same taxa in different environments (van der Heijden

and Sanders, 2002). While the majority are likely associated with arbuscular mycorrhizal

(AM) fungi from the Glomales order (Zygomycotina), orchids associate with saprotrophic

basidiomycete genera traditionally placed in the form-genus Rhizoctonia. The symbiotic

relationships of non-photosynthetic orchids (“myco-heterotrophs”) have been found to be

quite specific and also connected to neighboring ectomycorrhizal trees (Taylor and Bruns,

1997, 1999). Although it is traditionally assumed that autotrophic species would associate

with a wider group of symbionts, recent molecular work has provided surprising evidence

of relative specificity even among the autotrophic orchids (McCormick et al., 2004). The
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fungal symbionts vary across species, but appear to be more saprotrophic than ectomyc-

orrhizal (Rasmussen, 2002). The fungi associated with the current study species, Goodyera

pubescens, appear to be one or two species within the predominately saprotrophic genus

Tulasnella (McCormick et al., 2004).

The orchids’ obligatory dependence on the fungi in order to germinate and grow to

photosynthetic stage sets them apart from most other photosynthetic plants. Although some

orchid species can be induced to germinate on artificially high nutrient media, in nature

orchids are dependent on fungi for early nutrition (Rasmussen and Whigham, 1998b). Adult

plants typically remain heavily colonized by fungi, although the importance of the symbiosis

as adults is less certain. Recent stable isotope evidence has documented that even autotrophic

orchids gain carbon and nitrogen from their fungal symbionts, but all attempts to document

a transfer of carbon from the orchid to the fungus have proven unsuccessful (Gebauer and

Meyer, 2003; Smith and Read, 1997). This suggests the interesting possibility of a parasitism

of the fungi by the plants at least through their non-photosynthetic seedling stage, although

a non-trophic benefit to the fungi may also be possible.

The obligate nature of the relationship suggests a potential for a strong influence on

orchid recruitment, however very little is known about the distribution of these fungi in the

environment. Previous studies have suggested that the mycorrhizal fungi of another terres-

trial orchid, Tipularia discolor, are associated with decayed logs (Rasmussen and Whigham,

1998a), and a study of an Austrailian orchid, Caladenia arenicola, found increased germi-

nation success with proximity to adult orchids and correlated with some soil factors, such

as potassium levels (Batty et al., 2001). While non-photosynthetic, and even some photo-

synthetic orchids can be associated with ecto-mycorrhizal fungi, and thus expected to have

increased recruitment near host trees, the Tulasnella associated with G. pubescens are sapro-

trophic. Therefore, factors that influence the abundance of their saprotrophic fungi, such as

substrate availability and suitable abiotic conditions, may be important for their recruitment.
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In this study I use a series of seed introduction experiments to explore patterns of symbi-

otic germination of the terrestrial orchid Goodyera pubescens. Specifically, I use experiments

along with concurrent abiotic and demographic monitoring, to test three hypotheses:

(1) I test the hypothesis that symbiotic germination of the orchid will be more likely in

close proximity to adult plants because the same fungi needed for germination are also used

by adults. (2) I test the hypothesis that patterns of successful germination are related to

specific edaphic factors that contribute to the site suitability for saprotrophic fungi, namely

soil organic content, pH and moisture. Finally, (3) I use concurrent demographic monitoring

of these populations to test the hypothesis that differences in the probability of symbiotic

germination translate into differences in seedling recruitment.

A general goal of this study was to begin to bridge the gap between what is known about

the unique biology of these plants, and the implications for population dynamics. In the

course of testing these specific hypotheses, I use hierarchical Bayes methods to show how

hypothesis testing can be usefully placed within the context of building predictive models

that translate experimental data into predictions across observed and potentially unobserved

conditions. A critical component of realistic prediction, facilitated by the hierarchical Bayes

methods, is proper incorporation of associated process variability and parameter uncertainty.

I demonstrate how these methods are useful for understanding how the mycorrhizal relation-

ships of terrestrial orchids may constrain patterns of seed germination across environmental

gradients.

Materials and Methods

Study Species

Goodyera pubescens is a terrestrial, evergreen, clonal orchid distributed throughout mixed

forests of eastern North America, from Florida, west to Arkansas, north and east into

Canada. The main growing period for roots and leaves is from summer to fall, although

the mycotrophic period during which nutrition is gained from the fungi may be much longer
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(Rasmussen, 1995). Both roots and leaves can be long-lived, and are replaced on a continual

basis - not in a single flush (Rasmussen and Whigham, 2002). Flowers develop in July and

August, which if pollinated form capsules containing thousands of minute seeds (< 2 mm

length, < 0.5 mm width). Gravity and wind dispersal of the seeds begins with dehiscence

of the capsules in September, but can be spread over several months, with some seeds occa-

sionally still remaining in the capsules by early Spring (J.D. personal obs.). Like all orchids,

G. pubescens’ seeds lack significant nutrient reserves and are therefore dependent upon colo-

nization by the appropriate fungi for the transfer of carbohydrate energy, water and mineral

nutrition at least until reaching photosynthetic stage. Upon wetting, seeds imbibe and if

encountering a suitable fungus a symbiotic protocorm is formed, which can develop into a

more advanced corm structure and in two years a seedling. If not colonized by fungi, seeds

do not survive, so there is no persistent seed bank. For the purposes of this report, I refer to

protocorm formation in the first year as germination although some may technically refer to

the imbibing as germination. In the context of recruitment for plant population dynamics,

only the symbiotic germination will contribute individuals that can continue to grow.

The fungi associated with G. pubescens have been placed in the genus Tulasnella by

McCormick et al. (2004) using DNA sequencing of the ITS region. While difficult to make

species assignments with these fungi, sequence data suggest isolates from G. pubescens from

Georgia to Michigan, including samples from the current study’s populations, most closely

align with one or two species of Tulasnella, with T. bifrons being the closest match in

GenBank (McCormick et al., 2004, 2005). These saprotrophic fungi use dead leaves and

decayed wood in the soil as a substrate for growth, and are capable of decomposing cellulose

but not lignin (Rasmussen, 1995). Reproduction can be clonal via hyphal fragmentation or

sexually via difficult to observe resupinate (flat) fruiting bodies.
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Study Design

Study sites, as part of a larger study of the demography of forest herbs, were selected across a

geographic gradient of approximately 120 km from the Piedmont of Georgia to the Southern

Appalachian Mountains. At the largest scale, referred to as landscapes, I used three areas

along this gradient: Whitehall Forest in Athens-Clarke County, GA (33◦92’ N latitude, 150

- 240 m elevation), the Nancytown area of northern Georgia, Habersham County (34◦31’ N

latitude, 315 - 450 m elevation), and the Coweeta Hydrologic Laboratory in Macon County,

North Carolina (35◦03’ N latitude, 750 - 1,500 m elevation). Sixteen study grids were estab-

lished in relatively mature (∼ 80 yrs old) deciduous forest, and chosen to reflect the range of

elevation, temperature, and precipitation conditions experienced by the forbs under study.

Seeds were collected from wild adult plants near the study sites within the Coweeta

basin. Seed packets, using a modified design from Rasmussen and Whigham (1993), were

constructed by placing approximately 150 seeds within a square of 53 µm plankton netting,

enclosed within a Polaroid slide mount. In late Fall, these seed packets were placed just under

the top soil layer, marked with a flag, and retrieved the following Summer. Protocorms were

identified in the field using a hand lens or field-worthy dissecting scope. Seed packets were

placed in the field in two experimental designs.

Experiment 1 - Distance relationships:

To test for the effect of proximity to adult plants on protocorm formation, seed packets were

placed at 4 distances from adult plants: 5, 10, 20, and 100 cm. Twenty-eight separate adult

plants were selected from 5 of the study grids. Three transects of seed packets were placed

around each adult plant (Fig. 3.1). The criteria used for selection were that the adult plants

contain ≥ 6 leaves and the locations were such that none of the seed packets ended up within

1 meter of another Goodyera plant. In some cases, small patches of adult plants were used

in place of a single adult, with the transects placed to start on the outside of the patch. All

together, 336 seed packets were used, with 84 at each distance class.
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Experiment 2 - Abiotic-relationships:

In addition to the packets placed at defined distances to adult plants, packets were introduced

at 16 locations on each of 16 study grids where abiotic data has been collected, including

soil moisture, organic content, carbon:nitrogen, NO3 and pH. Packets were placed around

the area of abiotic sampling in a square design (Fig. 3.2). The same sites were used in two

consecutive years, and the data were pooled for analysis to increase samples size, which is

justified given that the explanatory variables of interest tend to be more spatially variable

than temporally. Care was taken to avoid placement of packets within 1 meter of adult G.

pubescens.

Soil sampling and analysis

A handheld Soil Water Content Measurement System from Hydrosense was used to measure

percent soil moisture in the top 12 cm of soil at the same 16 cells in each grid every two

weeks between the years 2003-2004. For the purposes of these analyses, these readings were

averaged within each cell to give a measure of relative soil moisture over the course of a

year. The spatial patterns of relative soil moisture remain fairly consistent over time (Diez,

in prep).

For characterization of the edaphic environment, three 12 cm soil cores were taken within

a 0.5 m radius from the center of each of the 16 cells within each of the 16 study grids. The

three cores from each cell were bulked and sifted through a 2 mm sieve, for a total of 256

samples. In a few circumstances, course rocky topsoil prohibited three complete 12 cm cores

and 4 more shallow cores within the 0.5 m radius were used. Total carbon, nitrogen, and

carbon:nitrogen ratios were determined using dry Micro-Dumas combustion and analysis by

gas chromatography. A 1:1 suspension of fresh soil in deionized water was measured for pH.

Soil organic content was determined by percent weight lost after combustion in a muffle

oven. Nitrate and phosphate availability were measured using in situ anion-exchange resin

bags. Resin bags were placed at a depth of 5 cm under the soil surface and retrieved after 1
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month in the field. In the lab, ions adhered to the resin were extracted using KCl, and NO3

and PO4 ion concentrations of the solution were determined via continuous flow colorimetry.

Soil texture was determined using the hydrometer method (Gee and Bauder, 1986). Because

percent sand and percent clay were highly correlated, percent sand was used as the index of

soil texture in all analyses.

Statistical Analysis

To assess the effect of proximity to adult plants on germination, I used the R computing

package (R Development Core Team, 2005) to fit a binomial generalized linear model with

a logit link function to assess whether distance has a significant effect on the probability of

germination. Then, to infer the shape of the relationship between germination and distance,

I fit four different possible models to the distance data using Bayesian nonlinear model

fitting and the Deviance Information Criteria (DIC) to select the best model. The DIC is

an information criteria developed by Spiegelhalter et al. (2002) and like AIC is a function

of model fit penalized for increasing model complexity. The models consider each packet as

one trial of a Binomial process within each cell, such that

Yd ∼ Binomial(φd, nd) (3.1)

where Yd is the raw number of seed packets at distance d that contained protocorms, φd is

the probability of successful germination at distance d, and nd is the number of seed packets,

or ’trials’ at that distance. The probability of germination φd is then modeled with several

competing models chosen to reflect a range of possible forms that could realistically describe

the relationship between distance and germination success:

1) negative exponential

φd = αe−βd (3.2)
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2) logistic

φd = 1−
(

eβd

1 + eβd

)m

(3.3)

3) mixed exponential and power function

φd = αe−βd + τd−γ (3.4)

4) uniform (null)

φd = µ (3.5)

To assess the effect of soil abiotic variables on germination success, a step-wise logistic

regression approach was used to select important explanatory variables from the handful

that were hypothesized to be important for determining suitability of a site for germination.

A hierarchical Bayesian framework was used for more robust inference and quantification of

uncertainty given an unbalanced sampling design. As discussed later, the Bayesian models

also allow robust prediction at unobserved environmental states, while incorporating uncer-

tainty from each level of the model. With data at the individual packet level, I consider the

germination of seeds in each packet as a Binomial process within each cell, such that

Yij ∼ Binomial(φij, Nij), (3.6)

where Nij is the number of packets placed in a given cell i and landscape j and Yij is the

number of packets in that cell in which at least one protocorm was found. The probability

of germination, φij, is modeled as a function of cell-level abiotic covariates via the logit link

function as follows:

logit(φij) = log

(
φij

1− φij

)
= αj + βjXij (3.7)

The αj are landscape-level intercepts, βj is a vector of regression coefficients, and Xij is

the design matrix containing covariates of interest. Following the logic of hierarchical mod-

eling, the landscape-level intercepts αj are modeled as random effects drawn from a global

distribution,

αj ∼ Normal(µ, τ), (3.8)
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with the global mean µ and variance τ given non-informative hyperpriors µ ∼ N(0, 1000) and

τ ∼ InverseGamma(.01, .01). Likewise, the effects of abiotic conditions within each land-

scape are drawn from a global distribution: βj ∼ Normal(µβ, τβ), again with non-informative

hyperpriors describing the global mean and variance distributions. The hierarchical formula-

tion allows for landscape-level differences due to unmeasured site conditions, but a pooling

of data across sites to reflect a common process across sites and allow greater inferential

power (Gelman et al., 2004).

Prediction

The output of Bayesian models is in the form of posterior distributions which are interpreted

as direct probabilities, given the data, that the parameters of interest take on the given

values. One significant benefit to the Bayesian framework is the ability to use the estimated

posterior distributions directly for predictions of interest related to those parameters. Because

the estimated posteriors contain all information about the uncertainty of our parameter

estimates, subsequent predictions made within this framework also conveniently reflect those

uncertainties. I use this property of the models to construct predictive surfaces of germination

probabilities across a range of distances from adult plants, and across a range of abiotic

conditions I expect the species to experience in this region.

All Bayesian models were fit using WinBugs 1.4, which uses Markov chain Monte Carlo

(MCMC) sampling methods to characterize the posterior distributions of model parameters

(Spiegelhalter and Best, 2000; Gilks et al., 1996). Convergence of three independent chains

was assessed via the Gelman-Rubin statistic, and sufficient burn-in periods and thinning

rates were used to assure satisfactory sampling of the posterior distributions.
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Results

Distance

I found evidence for a sharp decline in germination probability with distance within 1 meter

from adult plants. The maximum likelihood estimates of the probabilities of germination at 4

distances within this 1 meter from adults showed a declining probability with distance (Fig.

3.3), which when fit with a binomial generalized linear model showed a significant effect of

distance on probability of germination (coefficient = −0.017; p = 0.0187).

Out of the four models fit to the distance data, the best fitting model as judged by the

DIC was the mixed exponential and power function (Table 3.1). The selection of this model

over the others, and particularly over the uniform model, is another way to confirm the

rejection of the null hypothesis of no effect of distance on germination.

The parameter estimates of the mixture model were used within the MCMC routine to

construct a kernel of predictions over the range of distances from 1 to 100 centimeters (Figure

3.4). While probabilities are low at all distances, the model predicts a decline in germination

probability as a function of distance. One way to summarize the posterior predictive distri-

butions from the Bayesian analysis is with 95% credible intervals plotted as dashed lines in

the figure. If one were interested in using predictions for subsequent models of population

dynamics, the entire posterior distributions could be used.

Abiotic factors

Symbiotic germination was positively correlated with soil organic content and average soil

moisture, and negatively correlated with pH (Figure 5.3). I again report the 95% credible

intervals of the posterior distributions for each parameter as a convenient way to view the

probability that a parameter is different from zero. Because they are direct probabilities of

parameter values, one could integrate the portion of the posterior distribution that is above

or below zero for a direct probability that the value is greater than or less than zero. I found
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that the 95% intervals of the relationship with percent organic content and soil moisture are

not overlapping zero only in the Coweeta landscape but highly positively skewed in the other

landscapes. Likewise, the relationship with pH is clearly negative in the Whitehall landscape,

strongly skewed negative in Nancytown and broadly overlapping zero in Coweeta.

Given the significance of soil moisture and organic content, predictive models were con-

structed using those two variables, and germination probabilities were predicted across a

range of abiotic values that could be expected across the region (Fig. 3.6). These distri-

butions were estimated directly within the model MCMC iterations, thus simultaneously

incorporating associated prediction uncertainty. Although only the mean predicted response

is shown in the figures (for clarity of presentation), the full posterior distribution could be

used to characterize the uncertainty of those predictions across the range of abiotic condi-

tions.

I also found a significant positive relationship between seed germination rates and

observed demography within populations (Figure 3.7). The Pearson’s product-moment cor-

relation was 0.87 with a (p ¿ .001). Six of the study sites had no adult Goodyera, and

thus zero probability of producing flowers and seedlings. These sites also had no successful

germination in seed packets. Two other sites with adult plants had zero seedling production

but did have some successful protocorm formation in seed packets.

Discussion

This study has quantified a strong pattern of declining probability of symbiotic germination

within a meter from adult plants, and increased germination in sites with higher soil moisture

and organic content and lower pH. The estimated effects of the abiotic environment vary

across landscapes, but the direction of the effect is consistent, suggesting a general pattern

applicable to the wider region.
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Implications for plant population dynamics

Much of the research performed on patterns of plant recruitment as a function of distance

from adults has been with tree species in the context of testing the Janzen-Connell hypoth-

esis (Janzen, 1970). This hypothesis suggests that negative distance and density-dependent

recruitment (arising from a number of potential mechanisms, such as accumulated species-

specific herbivore or pathogen loads near parent plants) can contribute to the maintenance of

species diversity. This hypothesis continues being tested, but evidence for negative density-

dependent recruitment has been found in a number of studies of tree species (e.g. Augspurger

and Kelly, 1984; Packer and Clay, 2000; Tomita et al., 2002; Packer and Clay, 2003).

Previous studies with herbs or orchids are fewer, and have reported mixed results with

regard to the importance of proximity to adult for recruitment. While some studies have

found a positive association between germination and adult locations for myco-heterotrophic

orchids (McKendrick et al., 2000b, 2002; Leake et al., 2004), and at least one study with

photosynthetic orchids (Batty et al., 2001), others have found no relationship between pro-

tocorm formation and distance to adults, even within a similar 1 meter spatial scale used in

this study (Masuhara and Katsuya, 1994; McKendrick et al., 2000a).

The declining probability of germination with distance from adults found in this study

suggests a positive density dependence for recruitment of these orchids. While germination is

possible further away from adults, and increases with greater moisture and organic content of

the soil, the probabilities are still significantly lower than within 10 centimeters of adults. The

implications of these patterns for population dynamics will depend on subsequent protocorm

and seedling survival rates. If there is negative density dependence in growth rates at any

stage of the early plant’s growth, then these positive density-dependent germination patterns

could be neutralized.

Although the use of 4 discrete distance classes in this study has limitations for fitting

a continuous recruitment function, the approach is justified in this case for two reasons.

One, the goal was not to make predictions at larger scales than for which there are data.
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This study used model-fitting and model-selection as a test of whether there is an effect of

distance at all, and then to infer what we can about the form of the very local probability

decay within the active first meter from adult plants. Second, analysis within a model-

building framework provides a foundation upon which future studies can build. Selection of

the mixed model is conditional on the available data in this study, and this understanding

may be updated by further studies, including data collection from different sites and over a

wider range of distances. Whether formally through a Bayesian updating framework or more

informal incorporation into experimental designs and/or choice of models to evaluate, the

model selection in this study can help inform future research.

The demographic monitoring of the plants has helped to put the seed packet experi-

ments in the context of how these early germination rates may translate to population-level

recruitment rates. The high correlation between seed germination rates and seedling recruit-

ment rates may not be surprising given that seeds must germinate in order to eventually

produce seedlings, but it suggests that the presence of suitable conditions, and perhaps most

importantly the appropriate fungi, may act as a bottleneck on seedling recruitment. The

demographic surveys also revealed that seedlings were much more commonly found in close

proximity to adult plants (Diez, unpublished data). Even when accounting for decreased

detection probabilities further from adult plants, it remains likely that seedling recruitment

is most common within existing patches of adults.

The lack of germination in sites that had no adult G. pubescens is consistent with the

idea that population establishment at some sites is limited at this early stage of symbiotic

protocorm formation. Also, a couple of sites with adult plants and some protocorm formation

in seed packets, have zero observed natural recruitment, suggesting the existence of factors

that are limiting at seed production and/or seedling stages.
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Fungal ecology

Because successful symbiotic germination depends on both the presence of the fungus and

suitability of abiotic conditions, experimental seed packet results may best be interpreted

as a measure of inoculum potential, which reflects both the abundance of the fungi and the

suitability of conditions for growth and colonization. As such, seed packet experiments are a

useful ’phytometer’ type of method for mycorrhizal research, but are likely to underestimate

the actual distribution of fungi in the soil.

However, the increased probability of germination with increased soil organic matter and

moisture suggests that the suitability of these sites is higher for these saprotrophic Tulasnella.

The measure of organic content of the soil used in this study is a coarse measure of resource

availability for these fungi, but may serve as a proxy for the specific conditions necessary.

The fungi within the genus Tulasnella are able to utilize cellulose, but not lignin, and in

lab studies perform well on a range of raw wood and leaf substrates, as well as other basic

media (McCormick et al., 2005, Diez personal observation). But inferring fine scale habitat

suitability for fungi in natural systems is a challenge, in part due to difficulties associated

with following individual fungal mycelial growth in a natural setting. However, a number

of laboratory studies utilizing non-sterile soils have shown the tendency for the growth and

density of saprotrophic taxa to track soil resources such as organic matter, pH, nutrient

status, or moisture (reviewed by Cairney, 2005). Forest soils can be very heterogeneous both

abiotically (Ettema and Wardle, 2002; Fraterrigo et al., 2005, Diez and Pulliam unpublished

data) and biotically (Ettema et al., 1998, 2000), so it is possible that substrate availability for

the fungi also varies on very local scales. This study’s findings of links between germination

success and abiotic conditions are promising for translating controlled laboratory studies

into field-based ecological realism.

An intriguing alternative explanation to this ‘habitat suitability’ hypothesis, but not

mutually-exclusive, is that declining abundance away from adult plants may reflect decreased

fungal access to those sites. The frequency and abundance with which these fungi produce
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spores in nature are unknown, as well as their potential to spread clonally into new micro-

habitats. Because adult plants remain heavily colonized by fungi, and patches of plants

often contain the same fungal genet (Diez and McCormick, in prep), it is possible that the

clonal spread of plants across sites provides a significant mode of spread for the fungi as

well. The costs and benefits of mycorrhizal association for the fungi are largely unexplored

for saprotrophic fungi. Although no benefit has ever been found for these fungi, the higher

densities near adult plants could reflect some benefit conferred on the fungi by the presence of

the plants. More targeted experiments are clearly needed to separate the effects of potentially

overlapping habitat suitabilities.

Large genet sizes found in other mycorrhizal fungal species, primarily ectomycorrhizal

species, may contribute to a vision of large contiguous mycelial networks (e.g. Dahlberg,

1997). As many of the ectomycorrhizal species are obligately associated with plants, it might

be reasonable to presume that saprotrophic species could be even more widely distributed.

It appears, however, that a more heterogeneous distribution may be more likely for these

fungi at least in this part of their range. Molecular studies have begun answering many

previously unanswerable questions about the distribution of fungal species in nature (Fierer

et al., 2005; O’Brien et al., 2005), but fungal biogeography from local to global scales is still

largely unknown (Fitter, 2005). However, direct DNA extraction from the soil may actually

overestimate the abundance of viable fungi, from the plant’s perspective, as fungi are known

to exhibit periods of fungistasis in which growth is stopped or limited due to any number of

chemical constraints or inhibitions (Lockwood, 1977). As molecular techniques are further

developed, important extensions to this work will involve quantitative assessments of the

abundance of fungi in the soil, as opposed to simply occurrence, and use of molecular and

’phytometer’ methods in conjunction to illuminate how microbial distributions and ecological

functions interact.

It is also probable that soil biota could also be influencing plant distributions via effects

on mycelial growth (Gange and Brown, 2003). For example, collembola fungal grazers may
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play a role under some conditions in shaping the growth patterns of ectomycorrhizal (Ek

et al., 1994) and saprotrophic fungi (Kampichler et al., 2004). Fungal competition is also

well known to limit the growth of some species at local scales (e.g. Boddy, 2000), with some

evidence that interactions are mediated by substrate composition (Wells and Boddy, 2002),

but the dynamics of fungal-fungal interactions within the complex 3-dimensional matrix of

intact forest soils is not well understood.

Conclusions

Plant ecologists are increasingly incorporating below-ground organisms and processes in their

studies of above-ground dynamics. Methodological and conceptual advances in soil ecology

and mycorrhizal research are moving these fields along rapidly, and will further facilitate our

understanding of linkages between belowground organisms and aboveground dynamics. This

study describes within-population patterns of symbiotic germination probabilities, and how

these translate into population-level differences in seedling recruitment. These patterns are

described using methods that allow full quantification of the variability in the system and

uncertainty of our predictions. As ecologists learn more about the basic ecology of above

and belowground interactions, incorporation of observational and experimental data into a

framework that allows realistic prediction over unobserved states will facilitate meta-analysis

and anticipation of species responses to environmental change.
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Figure 3.1: Experiment 1, Basic seed packet design. Seed
packets were placed at four distance classes from clusters of adult
plants.

Figure 3.2: Experiment 2, Basic seed packet design. Eight
seed packets were placed at each of 16 cells within all 16 study
grids within .5 meters of the abiotic sampling.
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Figure 3.3: Goodyera germination probabilities. Shown is a
declining trend of fewer successful seed germinations at further dis-
tance classes from adult plants.

Table 3.1: Model fitting: Model selection for germination success
versus distance. Models were fit in WinBugs using 40,000 MCMC
iterations, checking for convergence using Gelman-Rubin statistics.
The DIC is a measure of model fit, penalized for model complexity,
with lower scores preferable. The ’best’ model given these data is
the mixed exponential and power function.

Model Dbar Dhat pD DIC
Logistic 28.82 23.29 5.54 34.36
Neg. Exponential 44.51 43.57 .94 45.45
Uniform 33.09 32.13 .96 34.04
Mixed exp/power 20.12 19.58 .54 20.67
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Figure 3.4: Predicted germination probabilities as a func-
tion of distance. Using estimated parameters of the most well-
supported model (the mixed model), predictions are made within
the MCMC statistical routine across the entire first meter from
adult plants. Dotted lines indicate the 95% credible interval for the
model predictions.
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Figure 3.5: Coefficient Estimates. Lines represent 95% posterior
credible intervals for estimated effects of % organic content, soil
moisture, and pH in the three landscapes. Soil moisture values are
averages across a year, representing relative soil moisture across the
sites.
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(a) Whitehall (b) Nancytown

(c) Coweeta

Figure 3.6: Predictive Recruitment Surfaces: Predicted germi-
nation success as a function of organic content of the soil and per-
cent soil moisture. The surfaces represent the mean of the posterior
distributions when predictions are made at regular intervals across
the abiotic space. The individual points are places with actual data;
the height of these points represent model predictions at those data
points. Differences in the response surfaces among landscapes arise
from the landscape-level intercepts.
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Figure 3.7: Observed seedlings. The observed probability of
seedling production is significantly related to germination proba-
bility in seed packets at the population level. The y-axis represents
the total number of seedlings observed in each of the 16 populations
between 2001-2004, divided by the number of observed flowering
stalks. The x-axis is the predicted population-level seed packet suc-
cess rate (finding a protocorm in a packet).
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abstract

Abiotic and biotic factors operate at multiple spatial scales to shape species distributions

and performance. While physiological tolerances may constrain distributions at large scales,

abiotic patchiness and local biotic processes often contribute to spatial autocorrelation in

observed patterns of occurrence and performance. In this study, we use surveys of the distri-

bution and abundance of two terrestrial orchids and data on a suite of abiotic factors to test

hypotheses regarding the relative influence of major abiotic gradients and local biotic pro-

cesses on species distributions. We use a hierarchical modeling framework to test explicitly

the relative significance of abiotic factors at different spatial scales, and the hypothesis that

local spatial effects overlay responses to the abiotic environment to yield observed distri-

butions of two terrestrial orchids, Goodyera pubescens and Tipularia discolor. Differences in

key life history characteristics, including dependence on different groups of fungi for germi-

nation, allow a comparison of how abiotic gradients and local biotic processes may influence

species differently. Overall, we found significant effects of light availability and soil moisture

on patterns of presence and abundance, but also significant local spatial effects. These local

spatial effects differed between species in a way that is consistent with the hypothesis that

fungal controls over germination influence patterns of recruitment and overall species distri-

butions. Results support the general ideas that species distributions can be explained by a

combination of abiotic and biotic factors at multiple spatial scales, and hierarchical models

provide a useful tool for uncovering these relationships.

Introduction

Explaining patterns of species distributions has been a focus of ecological work for many

years (Andrewartha and Birch, 1954). Species-specific physiological constraints provide a

useful expectation for how species may be distributed in relation to abiotic variables, such

as moisture and temperature, and form the basis for many ideas about the niche. Since the
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early formulation of the niche concept, however, much work has been directed at decon-

structing why species observed in nature are not distributed according to their fundamental

requirements. Numerous biotic processes, such as competition, dispersal, mutualisms, and

disease, as well as various disturbances, keep species out of equilibrium with what might be

an optimal distribution with regard to physiological constraints, leading to niche theory that

has evolved to incorporate various forms of stochasticity (Pulliam, 2000; Tilman, 2004).

The interest in quantitatively modeling species distributions has taken on new life in

the form of what Whittaker et al. (2005) call conservation biogeography - broadly the goal

of using biogeographical concepts and methods for conservation goals. One large compo-

nent of such work involves the general approach of using observed climate-abundance rela-

tionships to build predictive models of how species distributions will change under future

climatic scenarios (e.g. Skov and Svenning, 2004; Thomas et al., 2004). Such distribution

models (recently reviewed by Guisan and Thuiller, 2005) as a whole have been criticized

on a number of grounds, including failure to incorporate biotic interactions, dispersal lim-

itation, and evolutionary change (Pearson and Dawson, 2003; Hampe, 2004). Although it

is widely understood that presence and abundance can be limited measures for describing

species dynamics, this is often the only feasible data to collect, and the degree to which these

limitations are problematic will likely depend on the intended goals and spatial scales of the

study (Pearson and Dawson, 2003).

Various improvements can be made to the basic form of climate-envelope distribution

modeling to minimize these deficiencies. In the absence of more detailed information about

dispersal or biotic effects, one significant improvement has been the introduction of spa-

tially correlated errors (Hooten et al., 2003; Gelfand et al., 2003; Latimer et al., 2005).

This approach has the powerful appeal of differentiating species responses to measurable

abiotic gradients and other unmeasured or unmeasurable processes that generate spatial

structure in species distributions. Even if the focus is on the effects of measured covariates

(e.g. temperature or precipitation), including spatial structure in such models helps improve
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prediction and reduce the possibility of spurious correlations with abiotic variables due to

spatial autocorrelation (Lichstein et al., 2002).

The little work thus far incorporating spatial errors into distribution models has typically

focused on large spatial scales on the order of kilometers, but spatial effects may also be rel-

evant to understanding species life histories and abiotic relationships at a within-population

scale. Although most species distribution models have niche theory at their roots, few studies

explicitly incorporate it as part of the design or interpretation (Guisan and Thuiller, 2005).

Niche theory might prove useful however for generating expectations about distribution

models, and specifically the strength of responses to abiotic gradients and additional local

spatial effects. For example, life history characteristics that favor clumped over diffuse dis-

tributions, such as limited seed availability and/or dispersal, clonal growth form, and high

survivorship, may be expected to increase the importance of spatial effects relative to effects

of abiotic gradients. Thus, estimation of spatial effects in addition to abiotic effects in dis-

tribution models may help elucidate how different life history characteristics affect species

distributions.

Although there is much discussion of the utility of a hierarchical perspective on species’

niches and distributions (Maurer and Taper, 2002; Parmesan et al., 2005), there has been

little use of explicitly hierarchical models for exploring these relationships. Having under-

gone more significant development in some social sciences (Raudenbush and Bryk, 2002),

hierarchical models are rapidly becoming more widely used by ecologists for understanding

complex relationships at different scales (Wikle, 2003b; Clark, 2005; McMahon and Diez,

2005). Indeed, spatial errors implemented within a mixed-effects model are one element of a

larger class of hierarchical models, but the full potential of models to explore scale-specific

relationships with covariates has been under-utilized.

Forest herbs, with a range of life history characteristics and size that’s amenable to mea-

surement of key abiotic variables, offer an interesting opportunity to evaluate the importance

of life history traits for determining responses to abiotic gradients at different scales. In this
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study, we analyze the patterns of presence and abundance of two terrestrial orchids, Goodyera

pubescens and Tipularia discolor, with different key life history characteristics. These species

require different groups of fungi in order to germinate, leading to quite different expectations

for patterns of recruitment. G. pubescens associates with saprotrophic soil fungi from basid-

iomycete genus Tulasnella, while T. discolor requires fungi closely associated with decaying

logs (Rasmussen and Whigham, 1998a). Symbiotic germination success has been found to

increase sharply in close proximity to adult G. pubescens, and in patches of higher soil mois-

ture and organic content (Diez, 2005), while the pattern of T. discolor germination appears

strictly associated with decaying logs (Rasmussen and Whigham, 1998a, Geffen, unpublished

data). These patterns also reflect the fact that seeds of G. pubescens can germinate with the

same fungi as in the roots of adults, whereas T. discolor seeds require different fungi than

are associated with adults (McCormick et al., 2005). Thus, while both species are capable of

some amount of clonal growth, it is expected from these differences that G. pubescens is more

capable of spreading laterally once established on a site due to positive density-dependent

recruitment.

We use a combination of plant surveys and abiotic monitoring to test the following specific

hypotheses:

(1) Given the importance of soil moisture in southeastern North America, and the com-

monly low light levels beneath forest canopies, we expect the distributions and abundances

of these orchids to reflect both local and regional patterns of variation in these variables.

(2) The clonal growth form of these orchids, together with obligate dependence on myc-

orrhizal fungi in order to geminate, leads me to expect strong spatial effects on both presence

and abundance of both orchids.

(3) Given the specificity of substrate requirements for the fungi needed for germination

of T. discolor, its distribution is expected to be less dependent on the abiotic environment

per se, and not display as strong of spatial effects as G. pubescens.
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A further goal of this paper is to provide an example of some of the under-utilized

possibilities for hierarchical models to more thoroughly and explicitly investigate multi-scale

controls on species distributions. There are additional benefits stemming from the Bayesian

framework for these models that are relevant for predicting species’ responses to changing

environmental conditions.

Materials and Methods

Study species

Goodyera pubescens is a perennial, evergreen orchid distributed throughout eastern North

America, from Florida, west to Arkansas, north and east into Canada. Although growth can

occur throughout the year, leaves are formed primarily during the summer season. Clonal

reproduction occurs via branching growth of rhizomes on the soil surface. Flowers develop in

July and August, which if pollinated form pods containing thousands of minute seeds (< 2mm

length, < .5mm across). Gravity and wind dispersal of the seeds begins with dehiscence of

the pods in September, but can be spread over several months, with some seeds occasionally

remaining in the pods by early spring. Like most orchids, G. pubescens’ seeds lack significant

nutrient reserves and are therefore dependent on colonization by the appropriate fungi for

germination. Upon wetting, seeds imbibe and if a suitable fungus is encountered a symbiotic

protocorm is formed, which can develop into a more advanced corm structure and in two

years a seedling.

G. pubescens associates with mycorrhizal fungi from the genus Tulasnella, a group of

saprotrophic basidiomycetes from the order Tulasnellales. McCormick et al. (2004) deter-

mined through ITS sequencing that the Tulasnella associating with G. pubescens likely rep-

resent only one or two species, most closely aligning with T. bifrons. Isolates from Goodyera

roots have been shown to utilize cellulose but not lignin (e.g. from dead leaves and wood)

as substrates. Moveover, using isolations from multiple roots from single adults McCormick

et al. (2005) have shown that individual plants associate with only one fungal strain at a
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time. Little is known about the nature of the relationship beyond the seedling stage, although

adults remain heavily colonized by the fungi (Rasmussen, 1995; Rasmussen and Whigham,

1998b). While achlorophyllous, ‘myco-heterotrophic’ plants have been known to depend on

fungal associates for nutrition and energy (Leake, 1994), recent stable isotope evidence sug-

gests that even autotrophic terrestrial orchids continue to gain both carbon and nitrogen

from their associated fungi (Gebauer and Meyer, 2003).

Tipularia discolor is a wintergreen terrestrial orchid found in mixed deciduous forests of

eastern North America. In T. discolor’s southern range, a plant’s single green leaf emerges

above ground in late fall (end of September) and remains until spring (March-April). Flowers,

if produced, are found on a single flowering stalk that that emerges in August, before the leaf

emerges. Seed pods, containing thousands of seeds each, become dry and dehisce over the

course of the fall and winter, with the seeds being predominately wind/gravity dispersed. T.

discolor is capable of clonal growth via belowground corms (Whigham and ONeill, 1991)),

although the importance relative to sexual recruitment is unknown.

T. discolor has been found to associate with a variety of tulasnelloid fungi (McCormick

et al., 2005) as adults, but rely on a different group of fungi as protocorms, most likely from

the Auriculariales, and at least some of those being most closely aligned with Tomentella

species (McCormick et al., 2005). In field germination studies, T. discolor symbiotic germina-

tion has been found to be tightly associated with decaying logs (Rasmussen and Whigham,

1998a).

Study Design and Sampling regime

A hierarchical sampling design was used to capture a range of environmental conditions

across a geographic gradient of approximately 120 km. from the Piedmont of Georgia to the

Southern Appalachian Mountains. Three areas along this gradient were sampled: Whitehall

Forest in Athens-Clarke County, GA (33◦92’ N latitude, 150-240 m elevation), the Nancytown

area (34◦31’ N latitude, 315-450 m elevation) Habersham County, GA, and the Coweeta
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Hydrologic Laboratory (35◦03’ N latitude, 750 - 1,500 m elevation) in Macon County, N.C.

These sites were all placed in relatively mature (∼ 80 yrs old) deciduous forest, and chosen to

reflect the range of elevation, temperature, and precipitation conditions experienced by the

forbs under study. Within each landscape, we established six study grids (four in Nancytown)

between 250 and 480 square meters in size for a total of 16 study grids. These study plots

were divided into 2 square meter cells. Ten of the grids in which G. pubescens was found were

used for analysis, while 9 of the grids were used for T. discolor analyses. Although these sites

are used for repeated demographic measurements, only the 2003 plant surveys and abiotic

monitoring are used in this study.

Abiotic measurements

Time domain reflectometry (TDR) methods were used to estimate soil moisture content.

To characterize the relatively fine-scale spatial variability, the handheld Soil Water Content

Measurement System from Hydrosense was used to measure soil moisture in the top 12 cm

of soil at 80 points within each of sixteen grids. These 80 measurements were distributed

across the grids in a hierarchical design enabling adequate numbers of pairs of measurements

at different distance classes. Geostatistical methods were used to make predictions at each of

the 120 cells within each grid, using exponential variograms and linear detrending to account

for directional trends in a couple of highly sloped grids. This 80-pt sampling was performed

roughly four times a year for three years to capture seasonal changes in the spatial structure.

Direct comparison of measured soil moisture among landscapes is hampered by different

times since the last rain event, so an index of moisture was calculated that combines the

relatively consistent spatial patterns measured by TDR and the landscape differences in pre-

cipitation. As such, the TDR readings are considered good measures of the relative moisture

potential of a given site, and these relative values are scaled by the amount of precipitation

received during the September to August year preceeding fall plant surveys.
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Understory light availability, as estimated by photosynthetic photon flux densities

(PPFD), was measured at the level of forest ground cover using a handheld AccuPAR

ceptometer. Eighty ceptometer readings were taken on each grid at the same 80 locations as

moisture, with concurrent measurements taken in nearby open clearings that allowed calcu-

lation of percent transmittance of incident canopy PAR to the forest floor. Measurements

were taken between 10 AM and 2 PM on overcast days, thought to better represent overall

light availability characteristics for a site (Gendron et al., 1998, 2001; Beaudet et al., 2004,

but see Fladeland et al., 2003).

Soil sampling and analysis

Three 12 cm soil cores were taken within a .5 m radius from the center of each of the 16

intensive cells within each of the 16 study grids. The three soil cores from each cell were bulked

and sifted through a 2 mm sieve to obtain sufficient quantity for all soil analyses, for a total

of 256 samples. In a few circumstances, course rocky topsoil prohibited three complete 12 cm

cores and 4 more shallow cores within the .5 m radius were used. Total carbon, nitrogen, and

carbon:nitrogen ratios were determined using dry Micro-Dumas combustion and immediate

analysis by gas chromatography. A pH meter was used to determine pH of a 1:1 suspension

of fresh soil to deionized water. Organic content was determined by percent weight loss after

combustion in a muffle oven. Soil texture was determined using the hydrometer method (Gee

and Bauder, 1986). Because percent sand and percent clay were highly correlated, percent

sand was used as the index of soil texture in all analyses.

Statistical Analysis

Standard generalized linear models (GLM) were used to first identify the most important

variables, including soil characteristics, affecting species presence and abundance on intensive

cells. Then Bayesian hierarchical models were used for general partitioning of variance of
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presence and absence of each species, evaluation of the effect of different abiotic variables at

multiple scales, and quantifying the influence of local spatial effects on these relationships.

Generalized Linear Models

The occurrence of a plant is each cell is modeled as a Bernoulli process, with probabilities

of occurrence related to linear predictors via the logit link function as follows:

Yij ∼ Bernoulli(φij), (4.1)

where Yij is the raw binary occurrence data for each cell i and grid j, and φij are the estimated

probabilities of occurrence on in those cells. The logit transformation is used to relate those

probabilities to a linear combination of predictors:

log

(
φij

1− φij

)
= β0j + βXij (4.2)

where β0j is a grid-level intercept term, β is a vector of regression coefficients, and Xij is the

design matrix of explanatory variables at the cell level. In this first case, using data from the

16 intensive cells, our full model contains all predictor variables: light and moisture, their

squared terms (allowing for unimodal responses), and all measured soil properties. Stepwise

regression and model selection using AICs were used to evaluate the importance of individual

predictors.

Abundance is modeled as a Poisson process, with the mean value for each cell related to

abiotic explanatory variables via a log link function

Ai ∼ Poisson(µi) (4.3)

where

log(µi) = β0j + βXij (4.4)

where as before β0j is a grid-level intercept term, β is a vector of regression coefficients, and

Xij is the design matrix of explanatory variables at the cell level.
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Hierarchical Bayesian GLMMs

For explicit consideration of processes at multiple spatial scales, including the influence of

local spatial processes, the standard GLMs described above were extended to a hierarchical

Bayesian framework. To do so, prior distributions were assigned to each model parameter,

spatially correlated errors were defined, and Markov chain Monte Carlo (MCMC) methods

were used to construct posterior distributions for parameters of interest.

The Bernoulli occurrence model is extended to include spatially correlated errors, such

that the log-odds is now

ηik = β0k + βXik + ρi (4.5)

where ρi are the random effects for each cell. We allow these to be spatially dependent via

a conditional auto-regressive (CAR) specification of the prior, as defined by Besag (1974)

and recently used by Gelfand et al. (2003) for similar applications. Thus, the distribution of

random effects for cell i is made conditional on values from cells j, given as:

ρi|ρj ∼ Normal

(∑
j 6=i aijρj

ai+

,
σ2

ρ

ai+

)
(4.6)

where aij = 1 if cells i and j are neighbors, and 0 otherwise. The ai+ are the total number of

neighbors of cell i, as defined by the neighborhood structure of choice. We define neighbors

as those cells directly adjacent, including those diagonal.

The grid-level intercept, β0k, provides the link to the higher level through interpretation as

a random effect drawn from a global distribution with a population-specific mean determined

by a global intercept and covariates as follows:

β0k = γ00 + πZk + εk (4.7)

Here, Zk is the vector of covariate data at the grid level (pH, soil texture, etc), and π is

the vector of coefficients describing those relationships. The error terms at this level, εk are

normally distributed εk ∼ Normal(0, τε), with the variation attributable to the grid level,

τε ∼ InverseGamma(.001, .001). The intercept, γ00 represents the global mean and is given
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a non-informative prior distribution γ00 ∼ Normal(0, 1000). All regression coefficients are

given diffuse prior distributions, beta ∼ Normal(0, 1000) and π ∼ Normal(0, 1000), allowing

the data to drive their estimation.

Through the specification of priors, the Bayesian framework provides a straight-forward

way to explicitly model hierarchical structure and incorporate covariates at appropriate

levels. Because our abiotic data are collected at the cell level, abiotic covariates are modeled at

the cell level. It’s worth noting that if we had information about the measurement accuracy of

these covariate readings, we could easily incorporate it here in the form of a prior distribution

for the data itself, thus reflecting the uncertainty associated with imperfect measurements.

This is the approach taken for the grid-level soil covariates. We model the grid-level expected

values of soil texture, pH, and % organic as the mean of the Normal distribution from which

the 16 measurements were drawn. For pH, as an example: pHjk ∼ Normal(pH0k, taupH),

where pHjk are each of 16 individual pH measurements per grid, pH0k are the grid means,

used above in the regression model, and taupH is the estimated measurement error associated

with pH at the grid level.

The models of abundance use an identical specification of spatial random effects, and hier-

archical structure, with the replacement of the Bernoulli sampling distribution and logit link

function with a Poisson distribution and log link. In all cases similar non-informative distri-

butions are used for parameter priors. For both G. pubescens and T. discolor unconditional

models were initially fit to determine the basic partitioning of variance of presence, abun-

dance and survival between the microsite (cell) and population (grid) scales (Raudenbush

and Bryk, 2002).

Results

On the 256 intensive cells monitored for soil characteristics along with the plant surveys, we

found that light availability and soil moisture have more significant effects on G. pubescens’

distribution and abundance than any of the soil characteristics. (Table 4.1).
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The hierarchical Bayesian models proved useful for incorporating spatially explicit data

into the models and estimating effects at different spatial scales. Overall, the variance parti-

tioning in unconditional models showed that most of the variation of Goodyera presence was

distributed among cells (63 %), compared to among grids (37 %) and similarly for Tipularia

69% among cells and 31% among grids.

The two species showed different responses to abiotic variables in the full hierarchical

models. Both the presence and abundance of G. pubescens showed a significant response to

winter light at the cell scale and organic content of the soil at the grid level, while T. discolor

showed no significant responses to abiotic variables at either the microhabitat or population

scales (Figure 4.1). An additional result of the hierarchical structure of the model is greater

uncertainty associated with grid-level effects than at the cell level, as can be seen by the

width of the 95% intervals in Figure 4.1.

The significance of spatial effects is judged by whether or not 95% of the posterior dis-

tribution for an effect overlaps zero. As shown in Figure 4.2, G. pubescens exhibited greater

spatial structuring than Tipularia, with significant spatial error terms for both presence and

abundance (90 and 160 cells, respectively, out of a total of 1020 cells; 8.8% and 15.7% of all

cells). T. discolor on the other hand, had no significant spatial effects in the presence model

and 65 in the abundance model (65 out of total possible of 734; 8.9% of all cells).

Within populations, both presence and abundance and patterns of spatial random effects

were found to be spatially heterogeneous. As one example, Figure 4.3, shows maps of a single

grid in which the heterogeneity of distribution and spatial effects can be seen. It should be

noted that each cell is represented by only the mean of the posterior predictive distribution,

although a full probability distribution is the true output of the models. Such predictive

distributions for presence, abundance and spatial errors are available for all grids and both

species.

For understanding the impact of spatial effects, it is also informative to compare models

with and without spatial effects. Figure 4.4 shows a comparison of abiotic parameter esti-
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mates in models with and without inclusion of spatial effects. In most cases there is a

movement of parameter estimates from significant effects without spatial effects to estimates

with greater uncertainty and overlapping 0 when spatial effects are included. The notable

exception is for Tipularia presence models in which estimates are nearly exactly the same.

This is the same model for which no spatial effects were estimated to be different from zero.

Discussion

This study used hierarchical Bayesian models to evaluate the responses of terrestrial orchids

Goodyera pubescens and Tipularia discolor to environmental gradients, and additional local

processes that mediate this response. We found support for the idea that these plants are

responding to abiotic gradients in the environment, and that soil moisture and light are

stronger predictors than other edaphic variables that were hypothesized to be important

for plant performance. The data also suggests that local biotic or abiotic processes play a

significant role in shaping patterns of presence and abundance for this terrestrial orchid.

The finding of stronger spatial effects for G. pubescens than T. discolor is consistent

with the idea that differences in fungal-mediated patterns of germination play a role in

determining patterns of distribution. This hypothesis is supported by known differences

in substrate utilization by the fungi associating with each species, and the ability of G.

pubescens seeds to germinate with fungi associated with adults, while T. discolor use distinct

fungi associated with decaying logs (McCormick et al., 2005). Also, previous work in this

system has documented a decline in symbiotic germination probabilities for G. pubescens with

distance from adults, and increases in patches of higher soil moisture and organic content

(Diez, 2005). Germination of T. discolor, on the other hand, has been shown to be very

dependent on specific substrates which are temporally transient (Rasmussen and Whigham,

1998a, Geffen, unpublished data). Although rates of clonal spread of these species has not

been directly estimated, it is likely that clonal propagation is a cause of the spatial structure

in Goodyera given the prolific cloning observed in the 6 years of the associated demographic
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study. The clonality via underground clones in Tipularia may mean it is less likely than

Goodyera to produce large patches via cloning, and observed structure may arise from large

recruitment events associated with historical tree falls.

Although other studies have used spatially correlated errors to investigate autocorrelation

at landscape scales (Hooten et al., 2003; Gelfand et al., 2003), this is the first such study to my

knowledge using such methods to investigate spatial processes at a local, within population

scale. In addition to allowing more robust prediction of responses to abiotic gradients, this

approach offers a unique opportunity for investigating the strength and variation of local

biotic processes that may shape distributions. The finding in this study of significant spatial

errors is suggestive that autocorrelation at a within-population scale results from processes

other than simply patchiness of the two most important abiotic variables - light and soil

moisture. In fact, there are several life history traits of these orchids that may contribute

to spatial autocorrelation, including clonal growth and dependence on mycorrhizal fungi for

germination.

Although spatial errors are useful to include just for the improvements in prediction and

avoidance of spurious effects due to autocorrelation, this study suggests they can also be

useful for testing a priori hypotheses about the degree to which certain species are likely

to display spatial structure. Also, by analyzing the results of spatial errors, new hypotheses

may be formed to help explain what is generating the observed structure. This approach may

be extended to explore how large-scale environmental gradients affect the observed spatial

structure within a single species across its range.

Distribution modeling

Models can be a useful tool for understanding factors that govern the distributions of species,

as well as potential responses to environmental change when used carefully. A range of tools

have emerged over the last couple decades for modeling species distributions (reviewed by

Guisan and Thuiller, 2005). Despite the noted problems, the approach of using observed
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climate-abundance relationships to build predictive models of how species distributions will

change under future climatic scenarios will likely remain a common and useful approach

to coarse-scale understanding of species distributions. As recognized by many researchers,

attempts to explain and predict species distributions will typically be improved by accounting

for both the abiotic template and those processes that are likely to shift observed distributions

from the optimal (Pearson and Dawson, 2003; Hampe, 2004).

This study has taken the approach of trying to relate observed statistical relationships

between abundance and environmental variables and local effects, to notable life history

differences between species. Such life history characteristics may help explain not only among-

species differences, but variation in abiotic responses and local spatial processes across the

geographic range of a single species.

Although the focus in this study has been on climate-envelope type of models, there are

a range of approaches to understanding species distributions, including more mechanistic,

physiologically-based models (Kearney and Porter, 2004), which have the potential to provide

greater generality and an understanding of underlying processes. Such approaches also have

the potential to more directly describe the fundamental niche, but are data-intensive and

likely quite difficult for many taxa. Hierarchical methods may prove useful for an integration

of physiological studies and natural gradient studies.

Scale and prediction

Recent reviews of species distribution modeling have appropriately called for increased atten-

tion to scale (Pearson and Dawson, 2003; Guisan and Thuiller, 2005), because it is generally

understood that different processes are likely to influence species at multiple spatial scales

(Maurer and Taper, 2002). This can make identification of driving variables difficult in the

field, and prove challenging to estimate and interpret within models. Moreover, an incor-

poration of such multi-level structure may be quite important for prediction. Recent devel-

opments easing the implementation of hierarchical linear models (HLM) are establishing
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these approaches as very useful for simultaneously evaluating information from different

scales (Raudenbush and Bryk, 2002; McMahon and Diez, 2005). In this study, we provide an

example of how simple hierarchical linear models can be used to explicitly estimate the effect

of different factors at multiple spatial scales. The finding that grid-level organic content is far

more informative than simply finding a ‘grid effect’, as there is a likely ecological explanation

for such a pattern related to the tight relationships with saprotrophic fungi.

Clearly the degree to which not accounting for scale will be problematic will depend on

the intended goals and spatial scales of the study. An additional opportunity afforded by

hierarchical Bayesian models is the relatively straight-forward transition between parameter

estimation and prediction (Gelman et al., 2004; Clark, 2005). Although not pursued in this

study, all estimated relationships with abiotic variables can be used to make predictions

about likely responses to changing conditions. The full posterior distributions of effects are

well-suited for such predictions, and facilitate placement of such predictions within a dynamic

model incorporating dispersal distances.

Conclusions

Niche theory has evolved over the years to accommodate what has been learned about how

various biotic processes interact to influence species distributions across abiotic gradients

(e.g. Pulliam, 2000; Tilman, 2004). Now concepts such as dispersal limitation, source-sink

dynamics, and metapopulation dynamics are regularly used as conceptual frameworks for

evaluating species’ apparent deviations from what might be considered a fundamental niche.

To understand the implications of these various processes for inferring a species’ dynamics

across landscapes and across time, species distribution models will benefit from modern sta-

tistical techniques that allow incorporating explicit examination of multi-scale responses to

spatial and temporal abiotic variability and estimation of the effects of local spatial interac-

tions.
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Table 4.1: GLM Intensive Cell Results: Plant presence and performance as a function of
soil variables, understory light availability (PAR), and soil moisture (TDR). Only significant
coefficients are given. All abiotic readings are Fall 2003

Response

Predictor Presence Abundance
Light 2.53* 1.05.
Light2 n.s. n.s.
Moisture .864*** .64***
Moisture2 -.013* -.0093***
Light*Moisture -.094* -.048**

% Organic n.s. .11.
pH n.s. n.s.
Nitrate n.s. n.s.
Phosphate n.s. .198***
% Sand n.s. n.s.
C:N n.s. n.s.
∗ ∗ ∗p < .001; ∗ ∗ p < .01; ∗p < .05; .p < .1; n.s.p > .1
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Figure 4.1: Hierarchical parameter estimates: Shown are 95%
credible intervals for estimated coefficients in the hierarchical
model.
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mean of a full posterior predictive distribution.
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abstract

Although many studies describe demographic variability in natural populations, very few

link basic vital rates and overall population growth rates to abiotic driving variables. Estab-

lishing these links to the abiotic environment is crucial, however, for testing niche theory

and making predictions of species responses to environmental change. Moreover, a realistic

account of the associated variability and uncertainty of these relationships is critical for

proper assessment of both theory and predictions. In this study we integrate 6 years of

demographic and abiotic monitoring to estimate the responses of vital rates and overall pop-

ulation growth to environmental heterogeneity at different spatial scales. Using hierarchical

Bayes methods for parameter estimation and prediction across a range of environmental

conditions we show how light and soil moisture influence vital rates and overall population

growth rates of a terrestrial orchid, Goodyera pubescens, native to eastern North America.

Niche theory and the related concepts of metapopulation and source-sink dynamics suggest

the possibility of substantial population sizes even in habitat that is not suitable enough to

maintain the population, as well as notable absences from suitable habitat. Comparisons with

observed distributions suggest a lack of correspondence between distribution and suitability

that changes across spatial scales. Supportive of predictions of source-sink and metapop-

ulation theory we find this species absent from some substantial areas of suitable habitat

and present in some unsuitable habitats. This pattern is most evident at very local spatial

scales, while the correspondence between abundance and suitability increases with increasing

spatial scale. We also discuss how the uncertainty estimated by the models influences the

evaluation of theory and helps inform the interpretation of predictions of species dynamics.

Introduction

Elements of niche theory combined with source-sink and metapopulation dynamics predict

both spatial and temporal variation in habitat suitability and site occupancy (Pulliam, 1988;
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Armstrong, 2005; Roy et al., 2005; DeWoody et al., 2005). Populations are posited to exhibit

a range of growth rates, some below replacement levels and others above, and these sites

may be linked by dispersal (Tilman and Karieva, 1997). Furthermore, both experimental

work and theory suggest that these growth rates may be explained in part by abiotic con-

ditions and that species traits may prescribe a range of optimal abiotic conditions, above

and below which performance would decline (Thuiller et al., 2004; Gabriel et al., 2005). The

degree to which patterns of population growth can be explained by underlying environmental

variables remains a fundamental problem in population ecology (Coulson et al., 2004), and

for applications of ecological knowledge to conservation measures (Franklin et al., 2000). A

number of processes, including various biotic interactions (e.g. mutualisms or competition),

and stochastic events (e.g. dispersal or disturbances) have been hypothesized to cause a

mismatch between a species’ fundamental and realized niche, resulting in observed absences

from putatively suitable habitat and presences in unsuitable habitat (Pulliam, 2000).

In population dynamics studies as a whole, there continues to be a great deal of interest

in how to balance deterministic modeling of underlying processes with stochastic effects

(Coulson et al., 2004). Numerous advances have been made to incorporate stochasticity

into population models (Clark and Bjornstad, 2004), and there have been some notable

successes in explaining population fluctuations as a function of environmental variables using

particularly long-term abundance datasets (Leirs et al., 1997; Stenseth et al., 2002; Coulson

et al., 2001). Many population studies, however, are interested in species for which only

much shorter time series of data are available, and more often turn to projection matrix

approaches instead of trying to explain patterns of abundance directly (Caswell, 2001). While

many such studies have documented spatial and temporal variability in population growth

rates (Horvitz and Schemske, 1995; Freville et al., 2004; Koop and Horvitz, 2005), there has

been surprisingly little work explicitly linking demographic performance of species to local

environmental conditions (but see Altwegg et al., 2005; Franklin et al., 2000). Even in studies

that document a demographic response to variation in abiotic conditions, an often difficult
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and missing next step is understanding how responses translate into estimates of population

growth rates under different conditions (Morris and Doak, 2005).

This may be partly due to the difficulty of collecting demographic and environmental data

at spatial and temporal scales adequate for capturing a wide range of conditions experienced

by the species. Demographic data, even for single species, can be laborious to collect and

may require many years to capture temporal variability and document difficult aspects of life

history, such as dormancy and clonal reproduction (Caswell, 2001; Kery et al., 2005). More-

over, significant environmental and demographic variation from site to site, even on very local

spatial scales, requires substantial monitoring efforts to capture enough of the range of vari-

ation to have confidence in resulting predictions. Although identifying large-scale population

trends may sometimes only require coarse abiotic data (Hallett et al., 2004), identifying and

monitoring the environmental variables on a scale relevant to within-population variation in

vital rates is demanding, given high local-scale heterogeneity in many ecosystems.

Another challenge to assessing demographic responses to environmental conditions has

been the translation of multiple sources of variability to reasonable prediction uncertainty.

While it may be understood that there is inherent process variation and measurement uncer-

tainty, it is important that these translate into reasonable overall estimates of the uncertainty

of population-level predictions (Clark, 2003). Traditional inference based on confidence inter-

vals on estimates of vital rates is difficult, if not inappropriate, to translate into a pre-

dictive framework and often must discount sources of process variation and measurement

uncertainty. Prediction of species and community responses to environmental change can be

facilitated by an understanding of niche relationships (Thuiller et al., 2005), but a proper

accounting of uncertainty is critical to avoid over-confidence in prediction (Clark et al., 2001,

2003a).

In this study we use intensive demographic and abiotic monitoring to explore the rela-

tionships between demographic rates of the terrestrial orchid Goodyera pubescens and key

environmental variables. With 6 years of data on the growth, survival and reproduction of
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individually marked plants in 10 populations, and concurrent abiotic monitoring of under-

story light and soil moisture availability, we use hierarchical Bayes models to ask the fol-

lowing specific questions: (1) How do individual vital rates, including survival, clonality,

and fecundity, respond to abiotic gradients? (2) How do these responses of vital rates to

abiotic conditions integrate to influence population growth rates across this gradient? And

finally, to show how this approach may be used to evaluate elements of niche theory we

ask (3) how observed distributions and abundances compare to the distribution of suitable

habitat at local, population, and regional spatial scales, and (4) what impact accounting for

uncertainty has on interpretation of niche theory and predictions of population dynamics.

Our work provides a concrete example of how hierarchical Bayesian models are flexible

enough to accommodate several difficult data aspects of many ecological studies: (i) incor-

poration of both experimental and observational data, (ii) necessary use of an unbalanced

study design, (iii) estimation of difficult to observe life-history stages, and (iv) incorporation

of multiple sources of variability that should affect resulting prediction certainty. The result

is a unique quantitative assessment of the niche relationships of a terrestrial orchid, and a

more general example of the importance of process variability and model uncertainty for

assessment of ecological theory and predictions of species responses to abiotic gradients.

Methods

Study Design

The study used a hierarchical sampling design, structured to capture a range of environmental

conditions experienced by understory herbs across a geographic gradient of approximately

120 km from the Piedmont of Georgia to the southern Appalachian mountains. At the

largest scale, referred to as landscapes, we sampled three areas along this gradient: Whitehall

Forest in Athens-Clarke County, GA (33◦92’ N latitude, 150-240 m elevation), the Nancytown

area (34◦31’ N latitude, 315-450 m elevation) in Habersham County, GA, and the Coweeta

Hydrologic Laboratory (35◦03’ N latitude, 750 - 1,500 m elevation) in Macon County, N.C.
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These sites were all located in relatively mature (80+ yrs old) deciduous forest, and chosen

to reflect a range of elevation, temperature, and precipitation conditions experienced by the

forbs under study. Within each landscape, we established six study grids (four in Nancytown)

each between 250 and 480 m2 in size for a total of 16 study grids, of which the focal study

species is found on 10. For the purpose of abiotic monitoring, these study plots were divided

into 4 m2 cells. Overall, more than 1300 plants were individually marked and monitored.

Study Species

Goodyera pubescens is a perennial, evergreen, clonal orchid distributed throughout the East,

from Florida, west to Arkansas, north and east into Canada. Although growth can occur

throughout the year, leaves are formed primarily during the summer season. Flowers develop

in July and August, which if pollinated form pods containing thousands of minute seeds (<

2mm length, <.5mm across). Gravity and wind dispersal of the seeds begins with dehiscence of

the pods in September, but can be spread over several months, with some seeds occasionally

remaining in the pods by early Spring. Like most orchids, G pubescens’ seeds lack significant

nutrient reserves and are therefore dependent on colonization by the appropriate fungi for

germination. Upon wetting, seeds imbibe and if a suitable fungus is encountered a symbiotic

protocorm is formed, which can develop into a more advanced corm structure and in two

years a seedling.

Plant monitoring

All individuals of G. pubescens found within each of 10 populations across these 3 landscapes,

were individually marked and monitored for growth, reproduction, and survival over 6 years,

from 1998 to 2004. Each individual ramet on the grids was marked with a unique identifier

on a flag and revisited at least once a year in the fall to measure growth and reproduction.

Three measurements were taken to represent plant size: the number of rosettes (whirls of

leaves), the number of leaves, and the width of the largest leaf. Because the rhizomes creep
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along the surface of the ground, it is possible to distinguish physiological individuals, or

ramets, by following the connections. While most plants have a single rosette, a single ramet

may form up to 4 or more rosettes of leaves stemming from connected rhizomes, sometimes

resulting in individuals with over twenty leaves.

Abiotic Monitoring

Characterizing the soil moisture availability from local to regional spatial scales, across mul-

tiple years, is a significant challenge. In another related study, a suite of abiotic characteristics

were measured and used to predict the species distribution and abundance of G. pubescens,

from which soil moisture and light availability were identified as the most important abi-

otic variables for this orchid (Diez 2005). Therefore, we focus here on relating demographic

performance to these two driving variables. A combination of time domain reflectometry

(TDR) methods were used to estimate and validate soil moisture content. To characterize

the fine-scale spatial variability, the handheld Soil Water Content Measurement System from

Hydrosense was used to measure soil moisture in the top 12 cm of soil at 80 points within each

of the sixteen grids. These 80 measurements were distributed across the grids in a hierarchical

design enabling adequate numbers of pairs of measurements at different distance classes to

allow prediction at all cells with geostatistical methods. Specifically, ordinary kriging was

performed using exponential variograms, while in a couple of cases accounting for a direc-

tional trend in the spatial autocorrelation. The 80 point sampling was performed four times a

year for three years to capture any seasonal changes in the spatial structure of soil moisture.

Because the 80 point data represents a one-time snapshot of soil moisture in each season,

in each landscape, we consider them most useful as a measure of relative soil moisture

potential. In order to incorporate yearly and regional differences in precipitation, the cell-level

TDR values were scaled relative to the mean values and multiplied by precipitation values

for a given year and landscape to yield a moisture index at the cell level that is comparable

across sites and across years. The summer TDR readings were used, and precipitation from
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September to August of the preceding year because our demographic monitoring was done

in August of each year. This moisture index thus reflects the combined effects of yearly and

regional precipitation differences and within landscape differences in soil moisture potential.

Another study on these same sites showed that soil moisture depends most on precipitation,

a site’s aspect, and soil texture (Diez 2005).

Understory light availability, as measured by photosynthetic photon flux densities (%

PPFD), was measured at the level of forest ground cover using a handheld AccuPAR cep-

tometer. Eighty ceptometer readings were taken on each grid, with concurrent measurements

on a second quantum sensor taken in open nearby open clearings, allowing for calculation

of percent transmittance of incident canopy PAR to the forest floor. Measurements were

taken between 10 AM and 2 PM on overcast days, thought to better represent overall light

availability characteristics for a site (Gendron et al., 1998, 2001; Beaudet et al., 2004, but see

Fladeland et al., 2003), but does not necessarily reflect any differences in sunfleck exposure

among sites (Canham et al., 1990). Because we are working with evergreen plants in decid-

uous forests, we measured light at four times throughout the year to characterize changes in

the seasonal light environment. Because the spring, summer and fall readings were all highly

correlated, the fall readings were used as a measure of leaf-on conditions and winter light

readings were used as leaf-off conditions. Fall and winter light readings tend not to be well

correlated for a given site.

Statistical Methods

Broadly following the approach of Clark (2003) we use hierarchical Bayes methods to char-

acterize demographic rates, estimate effects of light and moisture availability on vital rates,

and assemble population growth rates in a projection matrix framework. Fecundity, seedling

survivorship, production of clonal ramets, and adult transition probabilities are modeled with

sub-models and compiled to calculate population growth rates using eigenanalysis (Clark,
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2003; Caswell, 2001). Five demographic stage classes were used, based on their relative homo-

geneous survival and reproductive rates. These stages are protocorms, seedlings, juveniles

(non-reproductive), and two adult stage classes based on the number of leaves.

Fecundity, the production of protocorms by adult plants, is a rather complex process that

is divided into parts for estimation (Figure 5.1). Reflecting our ecological understanding of

the species’ life history, fecundity is modeled as a chain of processes from adults to protocorms

in the following year. This process, encompassing flowering, seed production, and protocorm

formation, is complicated by the fact that the true numbers of neither seeds nor protocorms

are directly observed. These unobserved, or ’latent’ variables, must be estimated by the direct

observations of the numbers of flowers produced, the number of seedlings observed 2 years

later, and ancillary information coming from counts of the number of seed capsules produced

per flower, the number of seeds produced per capsule, and rates of protocorm formation

derived from seed packet experiments (Figure 5.1). The hierarchical Bayes framework is

a useful way here to incorporate these multiple types of information and their associated

uncertainties.

The various parts of this fecundity process are modeled as follows. The probability of

flowering is modeled as a binomial process

Ymky ∼ Binomial(φmky, nmky), (5.1)

where Ymky is the number of flowers in population k and year y produced by adults of size

class m, φmky represents the probability of flowering in that population and year, and nmky

is the number of adult plants of that size in that cell. φmky is given a beta prior distribution.

The number of seeds produced by each adult plant is modeled as a latent process given

what information is observable. Empirical estimates of the number of seeds per seed cap-

sule, and number of capsules per flowering stalk, were used to estimate the number of seeds

produced per flowering stalk. Since capsules were not counted for all flowering stalks, par-

ticularly in earlier years, the number of capsules per flower is modeled hierarchically as
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capsulesi ∼ Poisson(mu) with the mean mu estimated from available data across popu-

lations. In some cases the length of the flowering stalk is available, and used to estimate

the number of capsules in a similar hierarchical manner using data to build the empirical

relationship between length and number of capsules. Finally, estimates of the number of

seeds per capsule are used to estimate overall seed production per flower, with associated

uncertainty given the difficult nature of observing each state.

The probability of protocorm formation from seeds is modeled as a beta distribution using

data from seed packet experiments to inform the probabilities within each population. Over

120 seed packets placed in each of the populations were used to estimate probabilities of

protocorm formation in each population (Diez 2005). Protocorm survival to seedling stage

is unobservable given the minute size of protocorms. This latent variable is constrained

between two other estimated parameters, protocorm production and seedling emergence, and

is thus estimated by default given these two more data-informed parameters. All together,

the fecundity sub-model includes estimates of flowering probabilities, protocorm production

and seedling recruitment, given all available information and associated uncertainties.

Transition probabilities are estimated from the raw numbers of plants moving among the

demographic classes as follows:

Yykij ∼ Multinomial(φykij, nyki) (5.2)

where Yykij is the number of plants observed to make the transition from stage class i to

class j in population k and year y out of nyki plants in the prior year. φykij is the probability

of a transition from stage j to stage i. Given that these are size classes, individuals can

progress or regress among demographic classes, or stay put. The transition probabilities are

given Dirichlet prior distributions. The priors are modeled hierarchically, lending the esti-

mation of transition probabilities pooling strength across populations with differing sample

sizes. Importantly, the weak inference of some transition probabilities sparsely represented

in populations with fewer plants is bolstered by the inference drawn across all populations.
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In practice, for software implementation, the Dirichlet distribution is broken into conditional

Gamma distributions as described in Appendix A.

Although effort was given to find and mark all new plants in each population each year,

new non-seedling plants were found each year. These new, unmarked, ramets are potentially

the result of two sources: they were either overlooked in previous years as they grew from

seedling to adult stages or they resulted from clonal reproduction of an existing adult. Field

observations and spatial locations of new individuals were used to differentiate these sources

as much as possible. Those plants deemed by proximity likely to be of clonal origin, were

used for estimating clonal reproduction at a cell level in a manner similar to the probability

of flowering:

Cjky ∼ Binomial(ζjky, njky), (5.3)

where Cjky is the number of clonal offspring produced in cell j , population k , and year y ,

and njky is the number of adults in that cell. The probabilities of producing clonal offspring,

ζjky, are added to the adult survival rates, reflecting an augmentation to the ’production’ of

new ramets each year.

The posterior distributions for all parameters were used to construct projection matrices

and compute population growth rates via eigenanalysis. Direct use of the posterior distri-

butions for subsequent analysis provides a straightforward way of propagating parameter

uncertainty through to population-level inferences. For each set of parameter estimates, at

each step of the MCMC simulation, a matrix is constructed, the dominant eigenvalue is

taken, and a subsequent distribution of population growth rates can be characterized.

Estimating and Predicting Vital Rate Responses to Abiotic Gradients

The approach to modelling demographic responses to abiotic gradients follows the general

approach described above, with a few modifications. Demographic rates are estimated on a

2x2 meter cell level instead of the whole population level in order to account for the within
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population variability in abiotic conditions and demographic rates. Cells are hierarchically

modelled within populations, and population estimates again are drawn from a global distri-

bution. Also, to avoid over-parameterization, adult stage classes are collapsed into a single

stage for estimating the effects of the abiotic environment on survival rates and fecundity.

The probability of flowering is modeled as a binomial process with a logit link function,

and with abiotic conditions for each cell i specified as covariates as follows:

Yjky ∼ Binomial(φjky, njky), (5.4)

where Yjky is the number of flowers in cell j, population k, and year y, njky is the number

of adults in that cell, and φjky represents the probability of flowering for that cell. The logit

transformation allows linearity of parameters, such that

ηjky = log

(
φjky

1− φjky

)
(5.5)

The ηjky represents the log-odds of flowering in a given cell, and can now be related directly

to explanatory variables at the individual level as follows:

ηjky = α0ky + β1moistjky + β2lightjky + β3moist2jky + β4light2jky (5.6)

Thus the log-odds of a plant flowering in any given cell is determined by a grid and year-

specific intercept α0ky and cell-level abiotic variables. Including the 2nd order terms in the full

model allows us to test the hypothesis suggested by niche theory that plants experience an

intermediate optimum, above and below which performance declines. Regression coefficients,

β1−4 are the same across all cells and grids because there is no a priori reason to suspect a

different inherent relationship between abiotic variables and flowering across sites. Accord-

ingly, each regression coefficient is given a non-informative prior, β1−4 ∼ Normal(0, 1000).

The grid-level intercepts α0jk on the other hand are modeled as a random effects, hierar-

chical in that they are drawn from a common distribution α0jk ∼ Normal(µ, τ) estimated

by the data. Non-informative hyperpriors are specified for the µ and τ parameters as follows

µ ∼ Normal(0, 1000) and τ ∼ InverseGamma(.01, .01)
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The number of protocorms formed per flower was estimated using all of the data, without

respect to abiotic conditions. The numbers of protocorms were modeled as a Normal distri-

bution, described by the mean and standard deviation estimated from the data. The fecun-

dity parameter used in the projection matrices were the product of this normally distributed

number of protocorms multiplied by values drawn from the posterior flowering distribution.

As with flowering, adult and seedling survival rates are modeled as binomial processes and

again related to abiotic variables via a logit link function, with the same basic hierarchical

structure and specification of priors as the flowering model. Models of clonal reproduction

were also extended to the cell-level and effects of abiotic conditions likewise estimated.

Prediction of population growth rates across a range of abiotic conditions proceeds

directly within the MCMC framework, as before with the geographic populations. Param-

eter estimates at each iteration of the sampling routines are used directly for prediction of

vital rates at a range of abiotic conditions of interest, thereby translating all uncertainty in

parameter estimation to prediction intervals. As before, predicted vital rate responses are

assembled within the MCMC framework into projection matrices, and eigenanalysis is used

to predict population growth rates.

Results

We found substantial spatial and temporal variation in demographic performance of G.

pubescens (Figure 5.2). It is clear from the figure that there is a a great deal of variation

across all populations and among the different years. The smaller populations also exhibit

more uncertainty in their population growth rate estimates. It is instructive to compare

the hierarchical analysis to a direct calculation of growth rate using the population-specific

observed numbers, which are represented by the X’s in Figure 5.2. Many of the means are

comparable between the hierarchical analysis and the single matrix estimates, but there

are also substantial differences in some cases. The differences reflect both sample sizes in a

given population and the degree to which a population is different from others in that year.
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Populations with smaller sample sizes and more apparent differences from other populations

will be drawn in toward the overall mean via the hierarchical pooling (Gelman et al., 2004).

Individual vital rates differed in how much they could be explained by abiotic variables

(Figure 5.3). Model selection was used to test the hypotheses that different seasons of light

were important for different vital rates. Winter light availability was found to be the most

useful predictor among the seasons for survival. Spring, summer and fall light readings were

highly correlated within sites, but were not found to be useful predictors of vital rates, except

for fall light having a positive effect on the probability of flowering.

Adult survival was positively related to moisture and negatively related to light avail-

ability (Figure 5.4(a)), with a negative second-order moisture term, suggesting a unimodal

response function. Seedling survival was also positively related to soil moisture, also showing

a unimodal response, but was not significantly related to light. The probability of flowering

also followed the unimodal response to moisture, with the 95% intervals slightly overlapping

zero on both first and second order terms. Clonal reproduction did not show a significant

relationship to either light or moisture.

The predictive distributions derived from these estimates of vital rates are depicted in

Figure 5.4. While the uncertainty for all calculations are contained within the posterior

distributions, the credible intervals are only depicted for adult survival in Figure 5.4(d) for

the ease of viewing the surface shapes.

Vital rate predictions were used to calculate population growth rates as a function of

abiotic variables. The surface of predicted growth rates is shown in Figure 5.5. Reflecting

the patterns seen in survivorship, we find significant influence of moisture with less of an effect

of light availability. Predicted population growth rates increase with increasing moisture and

level out above the replacement level of λ = 1. Were predictions made beyond those levels

illustrated in Figure 5.5 the rates would again decline at some point due to the negative

second order term.
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Comparison of observed distributions and habitat suitability

The comparisons of observed distributions to predicted population growth rate show a mis-

match between the observed distribution and habitat suitability (Figure 5.6). At the finest

scale, within 4m2 cells, a large proportion of predicted suitable habitat appears unoccupied,

and to a lesser extent some unsuitable habitat occupied. Plotting the abiotic conditions of

populations on these maps suggests a tighter correspondence between occurrence and suit-

ability, and population abundances are broadly increasing with increasing habitat suitability.

At the broadest scale, that among landscapes, we see an even tighter relationship between

abundance and predicted suitability (Figure 5.6(c)).

Because each predicted vital rate and population growth rate is made up of a full pos-

terior distribution of values, we can summarize the uncertainty of our predicted population

growth rates by plotting the range of where positive population growth rates may occur in

abiotic space. When we again plot the cell and population-level abundances on these maps

of uncertainty, we can see the effect of allowing uncertainty on our inference (Figure 5.7).

Although the qualitative direction of the patterns remains unchanged, the proportion of sites

within suitable versus unsuitable sites changes substantially.

Discussion

Despite the strong natural history intuition that the abiotic environment is important in

shaping species distributions and life histories, surprisingly little work has directly modeled

demographic responses of species to environmental gradients. By integrating a combination

of intensive demographic and abiotic monitoring within a hierarchical Bayesian statistical

framework, this study contributes a unique quantitative assessment of how the demography

of the terrestrial orchid, Goodyera pubescens, varies across abiotic gradients. We show that

a significant component of the spatial and temporal variation in demographic performance

can be explained by key abiotic variables, and how the inclusion of estimates of uncertainty

influence evaluation of theory and predictions of future dynamics.
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Our general finding of substantial spatial and temporal variation of population growth

rates supports other studies of forest herb populations, although the degree to which popula-

tions fluctuate tends to vary (Jolls, 2003). In general, longer-lived herbs tend to exhibit more

stable patterns of population growth, near population replacement levels, while annuals may

fluctuate more dramatically (e.g. Kalisz and McPeek, 1992).

Responses to abiotic gradients

Overall, soil moisture had a much stronger influence than light availability on survival, fecun-

dity, and population growth rates. Adult survival responded positively to summer moisture

availability and negatively to winter light levels. A negative second order moisture coeffi-

cient suggests a saturating effect of moisture within the range of moisture experienced in

this region. The probability of flowering was also positively related to moisture, with a neg-

ative second order term, but interestingly showed a more significant response to fall light

availability than to winter light. Given the high correlation among spring, summer and fall

light readings, the response to fall light is taken as a measure of full-canopy conditions rather

than anything specific to the fall season.

Moisture availability is a major driver of many ecological processes across ecosystems,

including eastern deciduous forests (Stephenson, 1998; Churkina et al., 1999; Xiao and

Moody, 2004), but its effects on population dynamics had not been previously quantified.

Even in a region with as much rainfall as the southern Appalachian mountains (Coweeta

LTER 1950-2003 average > 1800 mm precip/year), where the bulk of this data was col-

lected, soil moisture availability varies considerably across topographic gradients and with

soil characteristics (Yeakley et al., 1998, Diez 2005). The importance of water availability for

plant growth is well understood physiologically (Lambers et al., 1998), and for determining

overall system productivity (Webb et al., 1983; Rosenzweig, 1968), but its role in shaping

population dynamics across complex natural landscapes is less well understood. Because pre-

cipitation is such an important variable to ecological systems, and predicted to change under
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multiple climate change scenarios (Harte and Shaw, 1995; Gordon and Famiglietti, 2004),

building explicit links to species dynamics will be critical for assessing likely responses in

years to come.

Previous work on understory forest herbs has demonstrated the importance of light gaps,

but also highlighted differences in responses depending on species’ particular life histories

(Collins et al., 1985). Herbs such as G. pubescens that are adapted to the very low light

environment under full canopies are predicted to have a negative response of survival to

light gaps (Collins et al., 1985), while other more sun tolerant species may respond favorably

to such openings in the canopy or even depend on such openings for reproduction (Valverde

and Silvertown, 1997). The data in our study does not allow an assessment of the effects

of tree-fall light gaps, but our finding that increasing winter light has a negative effect on

survivorship is consistent with the prediction that shade-tolerant herbs can suffer damage or

photo-inhibition under intense light conditions (Oberhuber and Bauer, 1991). However, we

find that if a plant survives the high winter light conditions, then greater light availability

during the leaf-on season (relative to the overall very low light levels), before fall flowering,

contributes positively to the probability of flowering.

We also show how the response of overall population growth rates to light and moisture

reflects the dominant responses of individual vital rates. Although several vital rates were

significantly affected by both light and moisture, population growth rates are dominated by

the effect of moisture (Figure 5.5), highlighting the importance of following how effects on

vital rates propagate through to population growth rates. These findings support the findings

of other studies that have used elasticity analysis to show that survival of adults is more

important than fecundity for determining population growth rates in long-lived perennials

(Silvertown et al., 1993).
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Niche relationships

As predicted by Pulliam (2000), there is not a one to one relationship between observed

distribution and habitat suitability; however, the magnitude of the mismatch is strongly

scale dependent. The degree of correspondence between predicted suitability and abundance

clearly increased with increasing scale. This scale-dependent lack of correspondence between

the observed distribution and the suitability of habitat suggests that the impacts of biotic

and/or stochastic constraints on the species distribution occur most significantly at a very

local scale. The mismatch between observed distribution and suitable habitat at this scale is

likely due to a combination of biotic influence and dispersal limitation. Competition within

the sometimes dense, species-rich understory of eastern deciduous forests may be the most

obvious explanation for local displacement from suitable habitat. Another strong possibility

with this species, however, relates to the obligate mycorrhizal relationships the orchids have

with a fairly specialized group of soil fungi (McCormick et al., 2004). Other work in this

system has shown how the effect of fungal distributions on recruitment patterns of the

orchid can be influenced by small scale soil heterogeneity (Diez, 2005). Additionally, seed

and dispersal limitation could lead to local absences if there are simply not enough recruits

to occupy all available and suitable habitat.

Lacking information on rates of immigration and emigration at different scales, our assess-

ment of habitat suitability falls short of identifying habitat sources and sinks (Kadmon and

Tielborger, 1999), but is supportive of the prediction of source-sink and metapopulation

theory that there will be unoccupied but suitable habitat and occupied unsuitable habitat.

From such a pattern of site occupancy we can infer the scale at which processes are occurring

that keep a species out of equilibrium with the distribution of suitable habitat. This will help

in the design of further experiments focusing on important biotic and abiotic effects at the

appropriate scale. An informative extension to this work will be to compile such data for

multiple species and explore how life-history characteristics, such as seed size or phenology,

influence the correspondence between distribution and suitability.
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Challenges and opportunities of predictive demographic modeling

Links to abiotic environment There has been very limited success linking vital rates to

measurable aspects of a species’ environment. While experimental studies have been able to

establish the mechanistic link between moisture and light and plant performance (Muraoka

et al., 1997; van Hinsberg and van Tienderen, 1997; Kulheim et al., 2002; Eckstein, 2005;

Penuelas et al., 2004; Engelbrecht and Kursar, 2003), it has proven more difficult to char-

acterize demographic responses across heterogeneous environments of natural populations.

The rich literature of climate envelope modeling is important for placing broad-scale bounds

on factors influencing species distributions (Pearson and Dawson, 2003; Luoto et al., 2005),

but to avoid assumptions of equilibrium distributions (Araujo and Pearson, 2005), detailed

studies of species demography over natural gradients are essential for predicting how stage-

specific responses to abiotic variables translate into population dynamics across complex

landscapes. When possible, of course, careful experimental designs embedded within obser-

vations across natural gradients can be used to refine our understanding of observed patterns

across the complexities of natural landscapes (Dunne et al., 2004).

Complexity and uncertainty. A major challenge for ecologists across sub-disciplines

is finding a coherent way to estimate the variability and uncertainty associated with com-

plex processes, and the hierarchical Bayes (HB) framework used here offers new hope (Clark,

2005; Wikle, 2003b,a). Many studies use data that are structured both from necessarily com-

plex (often unbalanced) study designs (cells within plots, within landscapes), and from levels

of biological organization (individuals within populations, within communities). Reflecting

the importance of scale to ecological inference, HB methods are enabling hypotheses to be

tested at each of these levels explicitly (Raudenbush and Bryk, 2002; McMahon and Diez,

2005). Moreover, multiple data sources, including both experimental and observational, are

often available to inform estimation of difficult latent processes, and HB provides a robust

framework for integration of disparate data sources (Clark and LaDeau, 2005; Okuyama and

Bolker, 2005). Consistent with an ecological understanding of how individuals and groups are
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related, hierarchical models allow pooling of information across subgroups (Gelman et al.,

2004). This provides more robust inference for smaller sub-groups without having to com-

pletely collapse them into the larger groups, and prevents the collapse of variability just due

to larger sample sizes by relaxing the unrealistic assumption that all variability stems from

estimation error (Clark et al., 2003b).

Proper estimation of process variability and model uncertainty is critical for the evalua-

tion of ecological theory (Clark et al., 2003b), as well as for management and conservation

decisions (Williams, 2001; Brewer and Gross, 2003). It is well-recognized that predictions

of population dynamics based on demographic data are limited by the range of variability

contained in the period of time and space of data collection (Caswell, 2001). The important

role of variability stemming from stochastic environments in predictive analysis of popu-

lation growth has been recognized for some time (Lewontin and Cohen, 1969), and the

incorporation of stochasticity has proven important for both theoretical (Tuljapurkar, 1985)

and applied investigations (Fieberg and Ellner, 2001). Although the goal in this study was

not prediction of long-term dynamics, but rather current niche relationships, the ability to

explain the effects of environmental driving variables on stochasticity will enhance capacity

for making future predictions.

A final opportunity afforded by the HB framework, relevant to predictive demographic

analysis is ease with which posterior predictive distributions may be interpreted (Wade, 2000;

Ellison, 2004). Parameter estimation and prediction are performed simultaneously, and the

predictive posterior probability distributions may be more easily incorporated into subse-

quent dynamic models exploring population behavior. While bootstrapping can be a useful

method for constructing confidence intervals for derived statistics such as population growth

rates, it alone does not accommodate all sources of variability, does not yield predictive

distributions, and does not address the issue of inherent variability among sub-units of a

population, so confidence intervals will converge toward zero as sample sizes increase.
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Conclusions

Terrestrial orchids such as G. pubescens live in complex understory forest environments

and have evolved complex life histories. They are long-lived, clonal, produce thousands of

uncountable seeds, have obligate relationships with mycorrhizal fungi that are needed for

germination, and spend their first year unobservable in a protocorm stage. Complexities in

life histories are more the rule than the exception across taxonomic groups and may inspire

appreciation for the interesting ecology but also present challenges to predictive demographic

modeling. Further, linking the dynamics of ecological systems to key underlying abiotic

variables will continue to be a difficult but critical link to understanding and prediction.

Tools are increasingly becoming accessible for building models that incorporate sources of

variability from multiple levels of organization and provide straight-forward summaries of

prediction uncertainties. Approaches that can incorporate multiple sources of information

into predictive probability statements that include associated uncertainties will be useful for

theoretical and applied areas of ecological research.
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Figure 5.1: Life history diagram. Latent variables are those variables of interest for demo-
graphic modeling but are not observable. They are estimated using a combination of observed
plant states and ancillary data from additional experiments relevant to the transition of
interest.
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Figure 5.2: Population Growth Rates. Plotted are 95% credible inter-
vals for population growth rates over 5 transition periods, summarized
from posterior distributions estimated by hierarchical Bayes methods.
Five transitions are shown for each population, from 1999-2000 on the
left through 2003-2004 on the right. The X’s represent a non-Bayesian
estimation of growth rate using a Lefkovitch matrix from that population
and that time period alone. Differences in the means represent the effects
of the hierarchical Bayes approach, typically shifting estimates of those
populations with lower sample sizes slightly towards the global mean for
a given year. Note that populations N1, N2, N3, and WHPond have no
data from the first two years and thus have only 3 transitions represented.
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Figure 5.3: Coefficient Estimates. Lines represent 95% posterior
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survival, (c) clonal production, and (d) probability of flowering rel-
ative to winter light and the moisture. Light refers to winter PAR
readings, and moisture variables are the moisture index combina-
tion of relative soil moisture potential and precipitation
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(b) Seedling Survival
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Figure 5.4: Predictive Distributions of Vital Rates. Surfaces
represent the mean of the posterior distributions for predictions
of responses across a grid of abiotic conditions, for a) survival of
adults, b) survival of seedlings, and c) probability of flowering. To
visualize the fact that all predictive distributions also contain com-
plete estimates of uncertainty within their posterior distributions
(d) shows the 95% credible region for the adult survival estimates.
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Figure 5.5: Predicted population growth rates. (a)
Mean predicted population growth rate and (b) 95%
credible intervals, as a function of light and moisture
availability.
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Figure 5.6: Observed distributions across scales.
Data shown for 2003 at three spatial scales: (a) Fine
scale: Mean predicted population growth rate with indi-
vidual cells. White cells contain no plants; black cells
are occupied. (b) Population scale: abundances given in
bold. (c) Landscape scale: : abundances given in bold.
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Figure 5.7: Measuring uncertainty. Same data shown
for 2003 at (a) cell and (b) population scales. Small cir-
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abstract

Symbiotic relationships are ubiquitous across taxonomic lines and have the potential to

influence demographic processes and patterns of genetic variability of associated species.

The nearly ubiquitous symbioses between plants and mycorrhizal fungi are known to be

important for plant nutrition, with apparently varying levels of specificity for plant and fungal

associates. Although many studies have described patterns of genetic variability within and

among populations of different plant taxa, and some fungal taxa, no studies to date have

concurrently studied the spatial genetic structure of any plant and its mycorrhizal symbionts.

In this study, we use genetic data from five mapped populations of the terrestrial orchid,

Goodyera pubescens, and its associated mycorrhizal fungi from the genus Tulasnella, to test

hypotheses about the spatial partitioning of genetic variation of both host and symbiont.

We found most of the genetic variability partitioned within populations compared to

among, likely reflecting the high dispersal capabilities and clonal growth of both taxa. Within

populations, there was significant spatial autocorrelation in genetic diversity for both the

plants and the fungi. We also report an interesting pattern of association, in some envi-

ronments but not others, among plant and fungal genotypes after controlling for geographic

distance. Finally, we use extensive abiotic and demographic monitoring on the sites to explore

the role the abiotic environment may have in shaping observed patterns of genetic diversity

of both the plants and fungal symbionts through effects on demographic processes.

Introduction

Symbioses add an interesting layer of complexity to the question of how genetic variability

is partitioned within a species. Tightly interacting species can influence each other’s demo-

graphic rates and resulting patterns of genetic diversity (Nuismer et al., 1999; Thompson,

2005). Typically not static relationships, symbioses may be dynamic interactions both eco-

logically and evolutionarily, unfolding across a heterogeneous template of abiotic and biotic



108

variables that may alter the nature of the interactions (Thompson, 1999b). Mycorrhizal

relationships between plant roots and soil fungi are one of the most ubiquitous terrestrial

symbioses, known at least to influence plant nutrition and possibly a range of fitness-related

aspects of performance (van der Heijden and Sanders, 2002). The effects of specific associ-

ations on fungal fitness are even less well known, although host-specific growth rates have

been suggested for at least some groups of fungi (Bever, 2002).

In this study we tested hypotheses about the partitioning of spatial genetic variation, at

multiple scales, of a terrestrial orchid, Goodyera pubescens, and its mycorrhizal fungi from

the basidiomycete genus Tulasnella. The perennial, outcrossing and clonal life histories of

many forest herbs, including this orchid, lead to a range of possibilities for the distribution

of genetic diversity within and among populations. Moreover, understory plants of eastern

deciduous forests experience a very heterogeneous forest floor environment, which could also

influence demographic rates, selection, and distribution of genetic variability (Whigham,

2004). Among herbs, orchids are unique for reasons that have intrigued ecologists for many

years, including their complex pollinator relationships and specific mycorrhizal relationships

that are needed to grow to photosynthetic stage. The tiny orchid seeds lack a developed

endosperm and depend on nutrition from associated fungi at least until reaching photosyn-

thetic stage (Rasmussen, 1995) and to some extent thereafter (Gebauer and Meyer, 2003).

These obligate and rather specific relationships may have implications for patterns of recruit-

ment and genetic diversity of both plants and fungi, however very little is known about the

distribution of the fungi in nature or the strength of coevolutionary pressure between the

two groups.

There is now a large body of studies that describe the partitioning of genetic variation

within and among populations of plants (reviewed by Hamrick and Godt, 1996; Nybom,

2004). The potential for long-distance dispersal of the tiny seeds leads to the expectation

of high rates of gene flow among populations of orchids, which has been confirmed in a few

studies (Brzosko et al., 2002; Trapnell et al., 2004; Smith et al., 2002, but also see Sun and
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Wong, 2001). Studies of basidiomycete soil fungi have likewise found a large portion of the

genetic variability within populations (Kauserud and Schumacher, 2003; Kretzer et al., 2005;

Hogberg et al., 1999), although some spatial structuring has been found at large spatial scales

(James et al., 1999). Much has also been learned in recent years about the structure of plant

genetic diversity at very local scales (Vekemans and Hardy, 2004), and within population

studies of mycorrhizal fungi have demonstrated individual clone sizes ranging from several

meters to tens of meters (Redecker et al., 2001; Gherbi et al., 1999; Zhou et al., 1999;

Kretzer et al., 2004). Because the plants and the fungi are capable of both sexual and

clonal reproduction, and clones are visually indistinguishable from sexual recruits in the field,

the relative importance of these different forms of reproduction in establishing population

structure is unclear. However, there have been few studies of within-population spatial genetic

structure of terrestrial orchids and no such studies of their mycorrhizal fungi. Moreover, no

study to our knowledge has simultaneously investigated the spatial genetic variability of any

plant and its associated mycorrhizal fungi.

The orchid mycorrhiza is a tight physiological symbiosis, and obligate at least for the

plants, but the degree of association between particular genotypes of plants and fungi is

unknown. Some work has suggested strain-specific functional differences within the Tulas-

nella studied in this research (McCormick et al., 2005), which may increase the likelihood

of strain-level selection. Work with symbioses across taxonomic lines suggests that the func-

tion, specificity and genetic variability of closely coupled relationships such as between these

plants and fungi, are likely to vary across environmental gradients as well (Thompson, 1999a;

Bronstein, 1994). Thus, it is reasonable to expect that the correspondence observed between

host and symbiont genetic diversity may depend on environmental conditions. However, while

many studies have quantified the partitioning of genetic variance, far fewer have been able

to explore the underlying causes of that structure, which may be both abiotic and biotic.

Previous work with understory herbs has suggested that patterns of genetic variability may
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be linked to the abiotic conditions at the forest floor, including light (Kudoh et al., 1999)

and soil moisture (Pulliam et al. manuscript, Gonzales, unpublished data).

In this study we use inter-simple sequence repeat (ISSR) markers to test a series of

hypotheses about the spatial genetic structure of 5 populations of the terrestrial orchid

Goodyera pubescens, and its mycorrhizal fungi from the genus Tulasnella, across a large

environmental gradient. Specifically, we test the following hypotheses: (1) The high potential

rates of gene flow of both the plants and fungi, together with their clonal growth form, lead

us to hypothesize that most of the genetic variability is found within populations, but sig-

nificant spatial structuring (autocorrelation) of genetic variability within populations would

result from the clonality. (2) Based on the potential for co-migration under clonal growth of

plants, we use local neighborhood analysis to test the hypothesis that the observed spatial

genetic autocorrelation (in 2-dimensional space) of the plants and fungi are congruent within

populations. (3) Although there is no evidence of strong strain-specific selection between

the plants and fungi, we use the paired plant-fungal sampling to test the hypothesis that

there is covariance between the genetic relatedness of the plant and associated fungi, and

that this covariance changes across environmental gradients. Finally, (4) although we use the

population-level abiotic and demographic data to test the hypothesis that patterns of genetic

diversity, and particularly clonal diversity, should be related in predictable ways to under-

lying abiotic and demographic processes. Specifically, previous research and basic biology

led us to predict that variation in soil moisture and light availability would influence the

clonality of plants, while soil moisture and organic content would in part drive the clonality

of the fungi.

Materials and Methods

Study Species

Goodyera pubescens is a terrestrial, evergreen, clonal orchid distributed throughout eastern

North America, from Florida, west to Arkansas, north and east into Canada. The species’
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main above and belowground growing period is from summer to fall (Rasmussen and

Whigham, 2002), and spreads clonally via branching rhizomes. Roots coming from the

rhizome are long-lived, as in many terrestrial orchids (Rasmussen, 1995). Flowers develop

in July and August, which if pollinated form capsules containing thousands of tiny seeds (<

2 mm length, < 0.5 mm across). G. pubescens has been found to be self-compatible but not

self-fertilizing (Kallunki, 1981), and although likely pollinated by bees, the pollinators at

our study sites are unknown. Gravity and wind dispersal of the seeds begins with dehiscence

of the capsules in September, but can be spread over several months, with some seeds

occasionally still remaining in the pods by early Spring (J.D., pers. obs.). Like most orchids,

G. pubescens’ seeds lack significant nutrient reserves and are therefore dependent on the

transfer of carbohydrate energy, water and mineral nutrition from mycorrhizal fungi, at least

until reaching photosynthetic stage.

G. pubescens associates with mycorrhizal fungi from the genus Tulasnella, a group of

saprotrophic basidiomycetes from the order Tulasnellales. McCormick et al. (2004) deter-

mined through ITS sequencing that the Tulasnella associating with G. pubescens likely rep-

resent only one or two species, most closely aligning with T. bifrons. Isolates from Goodyera

roots have been shown to utilize cellulose but not lignin (e.g. from dead leaves and wood)

as substrates. Moveover, using isolations from multiple roots from single adults McCormick

et al. (2005) have shown that G. pubescens associates with only one fungal strain at a time.

Little is known about the nature of the relationship beyond the seedling stage, although

adults remain heavily colonized by the fungi (Rasmussen, 1995; Rasmussen and Whigham,

1998b). While achlorophyllous, ‘myco-heterotrophic’ plants have been known to depend on

fungal associates for nutrition and energy (Leake, 1994), recent stable isotope evidence sug-

gests that even autotrophic terrestrial orchids continue to gain both carbon and nitrogen

from their associated fungi (Gebauer and Meyer, 2003).
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Study Design and Sampling Protocol

Individually mapped plants within five populations were monitored yearly for growth and

reproduction from 1999 to 2004 on roughly 500 m2 study grids. These populations are located

across a geographic gradient of approximately 120 km. from the Piedmont of Georgia to the

southern Appalachian Mountains, encompassing much of the range of abiotic conditions

experienced by forest herbs in the region. Because the rhizome of G. pubescens is above-

ground, distinctions could be made between separate and connected rosettes. Each ramet

was marked and it was noted when a single ramet clearly split into multiple ramets via clonal

growth. Seed pods on flowering stalks were counted and careful searches were conducted each

year in the early fall to find new plants, including seedlings. The southernmost population

was located in Whitehall Forest in Athens-Clarke County, GA (33◦92’ N latitude, 150-240

m elevation), one in the Nancytown area of north Georgia (34◦31’ N latitude, 315-450 m

elevation), and three within the Coweeta Hydrologic Laboratory (35◦03’ N latitude, 750 -

1,500 m elevation) in Macon County, N.C. The three Coweeta populations were significantly

closer together than the other two, but still considered here as separate populations due to

quite different abiotic and demographic characteristics.

Tissue from forty individuals within each of the populations was sampled during the Fall

and Winter of 2004, for a total initial sample size of 200 plants. As G. pubescens tend to

occur in clusters of ramets, care was taken to sample some plants within the same clusters

and from clusters distributed throughout the population, to assure the sampling of pairs of

plants at a range of geographic distances, from 10 cm up to 24 meters. Roughly a quarter of

one full healthy leaf was sampled from each selected plant, and one root was taken for later

extraction of mycorrhizal fungi. Roots were stored in a moist towel until extraction within

24 hours of sampling. Roots were cleaned, scraped, and single fungal pelotons were serially

washed in sterile water before being plated on a modified basal salts medium (Caldwell

et al., 1991) or potato dextrose medium. Once hyphal growth was observed, mycelium from
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a single peloton was transferred to new medium under sterile conditions and ultimately to

liquid medium, from which tissue was extracted for subsequent DNA extraction.

Genetic Analyses

DNA was extracted using a combination of modified CTAB buffer extraction, and Qiagen

DNEasy kits. Each ISSR reaction contained 1µL of DNA, 10.25µL H2O, 1.25µL of primer,

and 12.5µL of Gene Choice RedMix PLUS. Preceded by 2 minutes at 96◦ C, thirty-five cycles

of 1 min. at 94◦ C, 1 minute at 44◦ C, and 2 min. at 72◦ C were used. After screening 56

ISSR primers, we found three primers that yielded a total of 17 polymorphic loci for the

plants, and a single primer that yielded 35 polymorphic bands for the fungi.

Abiotic Monitoring

Each study grid was divided into 2 x 2 meter cells for sampling the abiotic environment. The

handheld Soil Water Content Measurement System from Hydrosense was used to measure

volumetric soil moisture in the top 12 cm of soil on 16 ’intensive’ cells within each of the

study grids every two weeks between the years 2003-2004. These 16 cells were distributed

evenly across the grid. Average values for the summer growing season were used in analyses.

Values from an adjacent study grid 100 m from the Whitehall population were used for lack

of equivalent monitoring in the population sampled for this study.

Understory light availability, as measured by Photosynthetic photon flux densities (%

PPFD), was measured at the level of forest ground cover (0.5 m) using a handheld AccuPAR

ceptometer. Eighty ceptometer readings were taken on each grid, with concurrent measure-

ments taken in nearby open clearings, allowing for calculation of percent transmittance of

incident canopy PAR to the forest floor. Measurements were taken between 10 AM and 2

PM on overcast days, thought to better represent overall light availability characteristics for

a site (Gendron et al., 1998, 2001; Beaudet et al., 2004, but see Fladeland et al., 2003).
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Statistical Methods

ISSR markers are inherited in a dominant fashion and thus each band is treated as either

present or absent. Subsequent analysis is based on pair-wise genetic distances calculated using

the Euclidean distance metric (Excoffier et al., 1992; Huff et al., 1993) as dxy = n − nxy:

where nxy is the number of loci at which two individuals share an allele, and n is the total

number of polymorphic sites. The distance measure thus amounts to a tally of the number

of differences in alleles between the individuals.

From the genetic distance matrix calculated for all plants, an AMOVA partitioning of

the total genetic variation was used to obtain a measure of among and within population

variation as

φPT =
VAP

(VAP + VWP )
(6.1)

where VAP is the among population variation and VWP is the within population variation.

Intuitively then, higher φPT values indicate greater population differentiation, and serves as

a multilocus analogue to GST for variance partitioning, suitable for binary data (Excoffier

et al., 1992; Peakall et al., 1995). Nei’s GST and the multilocus φPT have been found to be

quite similar when compared using the same datasets (Nybom, 2004). Pairwise population-

level relatedness was evaluated using Nei’s genetic distance (Nei, 1972).

Pairwise genetic and geographic distance matrices for each population can be used to

calculate a measure of autocorrelation, r, for each distance class, providing a measure of

genetic similarity of individuals growing within a range of distances (see Smouse and Peakall,

1999 for details). Individual populations are evaluated separately, and then pooled together

to increase statistical power for discerning patterns. Statistical significance of autocorrelation

at each distance class was tested using permutation tests (1,000 permutations).

To identify potential spatial clusters, or ’hot-spots’ of genetic relatedness, two-dimensional

spatial autocorrelation analysis was also performed in which the correlation of genotypes

was calculated for a moving three-neighbor window around each plant. Permutation tests in

which correlations were calculated for randomly assembled neighborhoods were used to test
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the significance of observed correlations. All autocorrelation and AMOVA calculations were

performed using GenAlEx v6 (Peakall and Smouse, 2005).

Clonal diversity was assessed for each population in two ways: by a ratio of the number

of genets to the number of ramets sampled, and using the Simpson’s index, calculated as

n
n−1

(1−∑
p2

i ), where pi is the frequency of genotype i. The Simpson’s index was preferable

to other diversity indices in this case because of its insensitivity to variable sample sizes. A

pairwise bootstrapping approach was used to assess the significance of population differences

in clonal diversity. Finally, permutation tests were used to explore the differences in genotypic

composition of the different populations.

Partial Mantel tests were used to test for the correlation of plant and fungal genetic

variability within populations while controlling for the similarity of genotypes simply due to

spatial proximity. Both linear regressions and Spearman rank correlations were used to test

for relationships between clonal diversity and demographic and abiotic variables. We used

the R statistical computing package for regressions, Spearman correlations, and Mantel tests

(R Development Core Team, 2005).

Results

Partitioning of Genetic Variation

The amount of polymorphism detected with ISSR primers proved sufficient for a reasonable

degree of resolution in detecting clonality and describing patterns of genetic variation. Most

of the genetic variability of both the plants and fungi was found within populations, with only

10 % of the genetic variation of the fungi, and 17 % for the plants, found among populations.

Spatial Genetic Structure

We also found significant spatial autocorrelation of genetic variation within populations

for both the fungi and the plants, but the patterns vary among populations (Fig. 6.1).

When considered together, the plants show significant autocorrelation only at the closest
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distance class of 1 meter, but when analyzed separately there are moderate population

differences, with all of the populations showing significant spatial structure within 1 meter,

but population CWT12 exhibiting spatial structure up to 5 meters (Fig. 6.1(b)). The fungi

exhibit spatial structure across a larger distance, with significant autocorrelation detected

at both the 1 and 2 meter distance classes (Fig. 6.1(c)). As with the plants, there are also

population differences in the degree of spatial autocorrelation, although the basic pattern

is consistent(Fig. 6.1(d)). For both the plants and fungi, when identical clones are removed

from analysis there was no significant spatial structure. The probabilities of observing the

same multilocus genotype by chance was calculated for each genotype that was observed

multiple times, and in all cases found to be less than 0.005, lending confidence that duplicate

genotypes were indeed clones.

We also can see from the two-dimensional analysis that the spatial structure of the fungal

genetic variation is heterogeneous within populations (Fig. 6.2). The plant two-dimensional

analysis likewise revealed heterogeneous spatial structure of genetic variation within popu-

lations (Fig. 6.3).

Clonal Diversity

Clonal diversity differed among populations and also between plants and fungi. The plants

ranged from a high genet/ramet ratio of .927 (Simpson’s index of .996) in population

CWT36G, to a low genet/ramet ratio of .707 (Simpson’s index of .980) in the Nancy-

town population (Table 6.1). The fungi, with slightly less overall clonal diversity, ranged

from a high genet/ramet ratio of .816 (Simpson’s index of .995) in population CWT36G,

to a low genet/ramet ratio of .581 (Simpson’s index of .944) in the Whitehall population

(Table 6.1). While only a couple of the populations showed significant differences from one

another in clonal diversity using pair-wise permutation tests, more of the plant populations

tend toward being significantly different from one another than the fungi (Table 6.2). All

populations were significantly different from each other in genotypic composition (p < .01).
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However the most clonally diverse plant populations did not necessarily associate with the

most clonally diverse fungi (Spearman rank correlation: p=.23).

Covariance among plant and fungal genotypes

The partial Mantel tests suggested a correlation between plant and fungal genotypes, after

controlling for spatial proximity among pairs of samples, for the Whitehall population and

the Nancytown population, but not for the Coweeta populations (Table 6.3).

Relationships with Abiotic and Demographic Processes

We found substantial variation among populations in most key demographic parameters

and abiotic variables. Comparisons between clonal diversity and abiotic and demographic

variables were made at the population level, so the sample sizes were small (N=5). None of the

relationships were statistically significant, but the patterns were suggestive of a relationship

between both abiotic and demographic variables and clonal diversity in both the plants and

the fungi. Spearman rank correlations (ρ) are given to indicate the direction and magnitude

of the correlation. Both the plants and fungi showed a decreasing trend in clonal diversity

with increasing light availability (Fig. 6.4(a); ρ = -0.56, plants; ρ = -0.8, fungi), and an

increasing trend with moisture (Fig. 6.4(b); ρ = 0.72, plants; ρ = 0.7, fungi), suggesting that

light contributes to clonal growth and higher moisture supports relatively greater sexual

recruitment compared to clonal growth.

Using the direct plant demographic observations, we see a non-significant but decreasing

overall relationship between clonal diversity and observed clonal production in the field (Fig.

6.4(d); ρ = -0.56, plants; ρ = -0.8, fungi), an increasing relationship with flower production

at the population level (Fig. 6.4(e); ρ = 0.56), and a decreasing relationship with survival

rates (Fig. 6.4(f); ρ = -0.46).
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Finally, although again the sample size is small and not statistically significant, there

was a suggestive pattern of increasing clonal diversity within the fungi with higher organic

content of the soil (Fig. 6.4(c); ρ = 0.5).

Discussion

Overall genetic partitioning - fungi and plants

This study provides the first joint characterization of the spatial genetic structure of a plant

and its mycorrhizal symbionts. Our results for the overall structuring of plant genetic diver-

sity are in general concordance with other studies of orchids finding high within-population

genetic variability relative to among populations (Trapnell et al., 2004; Smith et al., 2002),

suggesting that diversity within populations is maintained by sufficient transfer of genes via

either pollen or seed transport. The tens of thousands of tiny seeds produced per flowering

individual likely enable at least periodic long-distance wind dispersal. A similar pattern was

found for the fungi, suggesting sufficient long-distance dispersal of fungal spores to prevent

major differentiation among populations. These Tulasnella fungi produce resupinate (flat)

fruiting bodies, but spores may still be wind-blown for long distances. Direct estimates of

long-distance dispersal of fungal spores are limited (Edman and Gustafsson, 2003; Hallen-

berg and Kuffer, 2001), and some evidence suggests shorter spore dispersal distances than

conventional wisdom might suggest (James and Vilgalys, 2001). Other molecular studies of

basidiomycete soil fungi have also found a large portion of the genetic variability within

populations (Kauserud and Schumacher, 2003; Kretzer et al., 2005; Hogberg et al., 1999),

however there are also examples of basidiomycetes exhibiting significant population structure

at large spatial scales (e.g. James et al., 1999).

Spatial autocorrelation and 2D heterogeneity

Within populations we found significant spatial autocorrelation of genetic variability for

both the plants and fungi. The fungi showed autocorrelation up to a spatial scale of 2 meters,
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while the plants only showed significant structure within 1 meter. This kind of spatial genetic

structure could arise from a number of processes that keep progeny close to parents, including

limited propagule dispersal or pollen transfer distances, or clonal reproduction. When we

removed duplicate genets from the analysis the autocorrelation disappeared, suggesting that

most of the genetic autocorrelation appears to be driven by the clonal structure of both

plants and fungi instead of by structuring via sexual recruits. These findings are consistent

with spatial structure estimates of Tulasnella in Maryland (McCormick, unpub.data), and

support other studies that have found small genet sizes less than a few meters for other

mycorrhizal fungi (Redecker et al., 2001; Gherbi et al., 1999), although others have found

larger genet sizes of tens of meters (Dahlberg, 1997).

The two-dimensional autocorrelation analysis revealed heterogeneous patterns of auto-

correlation within populations, likely reflecting either an influence of micro-habitat variation

within populations or colonization histories. Interestingly, however, the two-dimensional spa-

tial patterns of the plants and fungi (Figures 6.2 and 6.3) appear not to be entirely the same

for any given population, suggesting factors beyond simply co-migration of plant and fungal

genets. A plausible explanation may be that small-scale variation in light drives plant clon-

ality while soil conditions such as overall organic content, specific substrate availability, or

moisture availability are more important for shaping patterns of fungal genetic structure.

Plant-fungal interactions

The paired plant-fungal sampling of the current study also allowed a unique assessment of

the degree of correspondence between host and symbiont genotypes across an environmental

gradient. We found that the two southernmost populations were the only two to show sig-

nificant covariance between plant and fungal genetic variation after controlling for the effect

of distance (Table 6.3). Because very little is known about the mechanisms underlying the

formation of orchid symbioses or the pool sizes of available fungi in the soil, the observed

pattern is difficult to interpret but suggestive of a couple possibilities. If the plants have a
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role in selecting fungal strains from a larger pool of available soil fungi, these findings would

suggest a more consistent selectivity in the southern populations. The southern populations

receive significantly less precipitation than the more northern populations, which is reflected

in consistently lower soil moisture levels (Diez, in prep). Other work in Maryland in which

fungi were re-sampled from plants’ roots in different years has suggested that symbiont

switching may be related to stressful conditions (McCormick et. al. in press). Our findings

of closer association between plant and fungal genotypes in drier habitats is consistent with

this possibility. However, it may also be possible to achieve such a pattern without pair-wise

selection of any kind if both plants and fungi are responding in a similar way to micro-habitat

variations that structure genotypes independently of each other. Methods currently being

developed to sample fungi from the soil (e.g. Fierer et al., 2005; O’Brien et al., 2005) will

likely shed significant light on these relationships.

Abiotic and demographic relationships

The degree to which abiotic conditions were driving the patterns of genetic variability that we

found in this study is unclear, however data at the population level suggested the possibility

of a causal chain linking the abiotic conditions to demographic processes, which ultimately

determine the structuring of genetic variability. Other intensive demographic work across a

broader range of populations has found significant effects of soil moisture and light availability

on this orchid’s demographic processes (Diez and Pulliam, 2005).

There are a few plausible interpretations of the lack of statistically significant relation-

ships between clonal diversity and measured abiotic and demographic variables. One possi-

bility is that the abiotic environment across this geographic gradient may not be a major

factor driving demographic rates and subsequent patterns of genetic diversity. Alternatively,

and perhaps more believable given other work linking abioitic the same variables to demo-

graphic rates across a larger number of populations (Diez and Pulliam, 2005), we may not

have sampled enough populations to see the relationship. A third possibility though, when
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considering the apparent two-dimensional heterogeneity of genetic autocorrelation within

populations, is that the abiotic drivers may be acting at a within-population scale. From

what we know about heterogeneity of forest floors and the small scales at which plants can

respond to abiotic environments (Hamrick and Holden, 1979; Hamrick and Lee, 1987), it

is very possible that significant variation in clonal diversity can be explained by within-

population abiotic heterogeneity.

The comparison of observed demography and genetic diversity also were not statistically

significant, perhaps for similar reasons. One might expect a very direct relationship between

observed demography and measured genetic diversity, but even four years of observed demog-

raphy covers a shorter time frame than the processes operating to establish genetic variability

in adult populations of these long-lived herbs. While direct monitoring can inform us of cur-

rent demographic processes, population genetic sampling typically reflects processes oper-

ating over larger time frames, with notable exceptions such as parentage analysis (Sork et al.,

1999).

Conclusions

Our research points toward a number of interesting areas to follow up on in orchid mycor-

rhizal research. Many of the implications for ecological and evolutionary dynamics between

these groups will clearly need more experimental approaches to confirm, however character-

izing patterns of genetic diversity is a useful first step. The lack of significant partitioning of

genetic variability at the population level suggests that there is little local adaptation of these

plants and fungi, but transplant experiments, though difficult to perform with mycorrhizal

symbioses, would be needed to definitively address the degree of local adaptation. There is

the preliminary suggestion that in more stressful environments there is greater correspon-

dence between plant and fungal genotypes, which may help guide further experimental work.

Moreover, the observed within-population heterogeneity suggests the scale at which demo-

graphic processes, responses to the abiotic environment, and possibly selection are operating
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may be at the microsite level, which would not be too surprising in complex, heterogeneous

environments such as eastern deciduous forest understories. Although the links to abiotic

variability were not significant in this study, our understanding of how plants and their myc-

orrhizal fungi respond to global change will be facilitated by more studies attempting to link

patterns of genetic variability to abiotic conditions at different spatial scales.
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Table 6.1: Clonal Diversity parameters: N is the sample size in
each population. Geno is the number of unique genotypes, and the
Simpson’s diversity index is defined as n

n−1
(1 − ∑

p2
i ) where pi is

the frequency of genotype i.

Fungi
Pop N Geno Geno

N
Simpson’s Index

CWT36A 38 31 0.816 0.987
CWT36G 39 35 0.897 0.995
CWT12 34 24 0.706 0.964
Nancytown 41 28 0.683 0.955
Whitehall 31 18 0.581 0.944

Plants
Pop N Geno Geno

N
Simpson’s Index

CWT36A 41 32 0.780 0.987
CWT36G 41 38 .927 0.996
CWT12 40 32 0.800 0.982
Nancytown 41 29 0.707 0.980
Whitehall 40 31 0.775 0.987
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(d) Fungi - separate pops.

Figure 6.1: Spatial genetic autocorrelation of plants and
fungi: Estimates are shown for the multivariate genetic autocor-
relation coefficient, r, which is an estimate of genetic similarity
based on multi-locus genotypes (see Smouse and Peakall, 1999).
Permutation tests were used to construct 95% confidence intervals
at each distance by drawing with replacement from the set of pos-
sible comparisons in each distance class (error bars), and comparing
to expected values with random draws of individuals without regard
to distance class (dotted lines). This procedure was performed for
(a) all plants pooled together, (b) separate geographic plant popu-
lations, (c) all fungi pooled together, and (d) separate geographic
fungal populations.
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Figure 6.2: 2-D Autocorrelation of Fungal Genotypes: Shaded
circles represent locations where there was significant positive geno-
typic autocorrelation among the fungi with the closest 3 neighbors,
as determined by permutation tests, using a .05 probability cut-
off. The size of the circle represents the magnitude of correlation. A
few scattered hollow circles represent negative correlations with the
neighboring fungi. X’s are those sampled plants with no significant
correlation with neighbors.
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Figure 6.3: 2-D Autocorrelation of plant genotypes: Shaded
circles represent plant locations where there was significant positive
genotypic autocorrelation with the closest 3 neighbors, as deter-
mined by permutation tests, using a .05 probability cut-off. The size
of the circle represents the magnitude of correlation. A few scattered
hollow circles represent negative correlations with the neighboring
plants. X’s are those sampled plants with no significant correlation
with neighbors.
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Figure 6.4: Genetic Diversity Relationships with Abiotic
Conditions and Demography: Circles represent plant popula-
tions and triangles are fungi. The response variable in all graphs is
a measure of clonal diversity (genets/ramets), as influenced by: (a)
Light availability, as measured by average Fall PAR readings over
the 2001-2004 period; (b) Average soil moisture readings, TDR,
during the summer months over the 2001-2004 period; (c) Organic
content of soil; (d) Observed clonality in the field; (e) Flowering;
(f) Survival probabilities. See Spearman rank correlations in text;
all p-values >> .1
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Table 6.2: Population Comparisons of Clonal Diversity: Pair-
wise comparisons of clonal diversity. Statistical test based on 1000
bootstrap samples for each pairwise comparison, such that p(A <=
B) is interpreted as the probability that the populations have the
same clonal diversity. In bold are those comparisons for which there
is reason to believe there are differences between populations.

p(A <= B)
pop A pop B Fungi Plants

CWT36G CWT36A 0.74 0.82
CWT12 CWT36A 0.17 .375
CWT12 CWT36G 0.09 .15

Nancytown CWT36A 0.09 .29
Nancytown CWT36G 0.07 .07
Nancytown CWT12 0.30 .48
Whitehall CWT36A 0.08 .56
Whitehall CWT36G 0.05 .19
Whitehall CWT12 0.26 0.71
Whitehall Nancytown 0.44 .74

Table 6.3: Mantel Tests: Reported are the Mantel correlation
r statistics for the correlation between plant and fungal genetic
distance matrices, and the probability p of observing this level of
correlation by chance alone, based on 1000 permutations. Under
“Partial” are partial Mantel tests, comparing the same two genetic
distance matrices after controlling for geographic distance. Those
populations meeting the p < .05 criteria are in bold

Mantel test Partial
Population r p r p
CWT36A .024 .344 .030 .332
CWT36G .06 .193 .056 .204
CWT12 .104 .014 .048 .115
Nancytown .177 .001 .175 .001
Whitehall .237 .001 .197 .001



Chapter 7

Conclusions

This study has demonstrated significant relationships between abiotic environment and plant

demographic rates and patterns of distributions. Moreover, significant relationships were

found between the mycorrhizal germination and soil organic content and soil moisture.

Overall, this work provides an example of the growing utility of hierarchical models for

investigating complex, multi-level ecological processes. The ability to incorporate multiple

sources of information and obtain realistic estimates of uncertainty will prove invaluable for

ecological research in years to come.
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