
 

 

Host constraints on the post-glacial migration history  

of the parasitic plant, Epifagus virginiana 

 

by Yi-Hsin Erica Tsai 

Department of Biology 
Duke University 

 

Date:_______________________ 
 
 

Approved: 
 

___________________________ 
Paul S. Manos, Supervisor 

 
___________________________ 

James S. Clark 
 

___________________________ 
François M. Lutzoni 

 
___________________________ 

William F. Morris 
 

___________________________ 
William Wilson 

 

Dissertation submitted in partial fulfillment of  
the requirements for the degree of Doctor  

of Philosophy in the Department of  
Biology in the Graduate School  

of Duke University 
 

2009 
 



 

 

Abstract 

Host constraints on the post-glacial migration history of the 

parasitic plant, Epifagus virginiana 

by Yi-Hsin Erica Tsai 

Department of Biology 
Duke University 

 

Date:_______________________ 
 
 

Approved: 
 

___________________________ 
Paul S. Manos, Supervisor 

 
___________________________ 

James S. Clark 
 

___________________________ 
François M. Lutzoni 

 
___________________________ 

William F. Morris 
 

___________________________ 
William Wilson 

 
An abstract of a dissertation submitted in partial  

fulfillment of the requirements for the degree  
of Doctor of Philosophy in the  

Department of Biology in  
the Graduate School  
of Duke University 

 
2009 



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Copyright by 
Yi-Hsin Erica Tsai 

2009



 vii

0B0BAbstract 

Because species respond individually to climate change, understanding community 

assembly requires examination of multiple species from a diversity of forest niches. I present 

the post-glacial phylogeographic history of an understory, parasitic herb (Epifagus virginiana, 

beechdrop) that has an obligate and host specific relationship with a common eastern North 

American hardwood tree (Fagus grandifolia, American beech).  The migration histories of the 

host and parasite are compared to elucidate potential limits on the parasite’s range and to 

understand their responses to shared climate change.  Two chloroplast DNA regions were 

sequenced and 9 microsatellite loci genotyped from parasite specimens collected throughout 

the host’s range.  These data were compared with available cpDNA sequences from the host 

(McLachlan et al. 2005) and host fossil pollen records from the last 21,000 years (Williams et 

al. 2004). Analyses of genetic diversity reveal high population differentiation in the parasite’s 

southern range, a possible result of long term isolation within multiple southern glacial 

refuges.  Estimates of migration rates and divergence times using Bayesian coalescent 

methods show the parasite initiating its post-glacial range expansion by migrating northward 

into the northeast from southern areas, then westward into the midwest, a pattern consistent 

with the development of high density beech forests.  This result is strongly confirmed 

through spatial linear regression models, which show host density plays a significant role in 

structuring parasite populations, while the initial migration routes of the host are irrelevant 

to parasite colonization patterns.  Host density is then used as a proxy for the parasite’s 

habitat quality in an effort to identify the geographic locations of its migration corridors.  

Habitat cost models are parameterized through use of the parasite’s genetic data, and 
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landscape path analyses based on the habitat map show a major migration corridor south of 

the Great Lakes connecting the northeast and midwest.  Host density was the major 

determinant controlling the parasite’s range expansion, suggesting a lag time between host 

and parasite colonization of new territory.  Parasites and other highly specialized species may 

generally migrate slower due to their complex landscape requirements, resulting in 

disassociation of forest assemblages during these times.  From these results, the low 

migration capacities of highly specialized species may be insufficient to outrun extirpation 

from their current ranges.   
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1. 3B3BComparative phylogeography, meet spatial statistics 

8B8BIntroduction 

To understand what processes have shaped community assembly in the face of 

climate change, ecologists and biogeographers have looked to the post-glacial histories of the 

modern temperate forests as examples of how species respond to global warming (Davis and 

Zabinski 1992; Williams et al. 2004; Williams and Jackson 2007; Provan and Bennett 2008). 

The migration histories of a wide range of taxa have been investigated from multiple 

perspectives using independent tools such as fossil pollen data and genetic data. While each 

of these datasets is compelling and reveals an aspect of the migration history of a species, 

alone each is incomplete. For instance, fossil pollen data can precisely locate high density 

populations at multiple time steps but can miss the presence of small populations 

(McLachlan and Clark 2004). In contrast, genetic data can identify glacial refuges and 

colonization routes even from low density source populations, but timing these events in 

plants can be difficult due to slow mutation rates and the recent timescale (Schaal and Olsen 

2000). Combining these datasets provides a comprehensive view of a species migration 

history: where the initial migration routes were, and how the abundance of the species 

developed. These data are increasingly available, enabling the construction of fuller migration 

histories.  However, syntheses of these datasets have been limited due to the 

multidisciplinary nature of the data and the lack of accessible analytical tools.   

The challenges facing multispecies phylogeography are broader than how to combine 

different types of data.  Methods must also be developed to compare patterns across 

different species as well as datatypes.  The field of phylogeography is rapidly expanding with 

4600+ papers published this century using genetic tools (Web of KnowledgeISI Web of 
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Knowledge, topic search for 'phylogeography'). While data on individual species are 

increasing rapidly, these data are far more valuable scientifically when they can be 

synthesized and leveraged to address key ecological and evolutionary questions.  While 

species respond individually to climate change (Davis 1983) and communities are not 

cohesive through time (Williams et al. 2004), they often are constrained by shared climate, 

geographical, or ecological barriers so that similar species associations may reassemble in 

new spaces. Commonalities between the species’ histories could denote important 

biogeographical boundaries or point to shared glacial refuges. These possible long-term 

associations tell of the stability of the community and can reveal the time scale of 

interactions between species. 

This paper’s goals are to broadly review the current methods in phylogeography, to 

summarize previous comparative or regional studies, and to introduce spatial methods 

developed to synthesize patterns across different datasets and species.  Following the 

methodological review, I explore applications to host-parasite comparative 

phylogeographies, describe a new host tree and parasitic plant model system, and discuss its 

utility in understanding post-glacial community assembly.   

9B9BCurrent phylogeographic methods for genetic data 

20B20BSummary statistics of genetic diversity 

 The field of phylogeography grew out of population genetics and has a long history 

of relying on various summary statistics to describe population structure, diversity, and 

differentiation.  For instance, measures of population structure based on FST (Weir 1996), 

analysis of molecular variance (AMOVA) (Excoffier et al. 1992), or genetic distances (Nei 
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and Li 1979; Reynolds et al. 1983) have been used to quantify population differentiation, to 

calculate migration rates, or to estimate divergence times.  Other measures of genetic 

diversity, such as HT and VT, can be used to identify refuges and suture zones.  Refuges are 

assumed to be relatively stable populations that would allow accumulation of high allelic 

richness, though those alleles would be closely related (high HT but low VT) (Pons and Petit 

1996; Petit et al. 2002).  These summary statistics often form the basis of other analyses 

examining broader geographic patterns.  For example, Dyer and Nason (2004) used a graph 

theoretic framework based on pairwise population distances to identify populations 

important in maintaining the genetic connectivity of the landscape.  Conversely, 

Monmonier’s analysis spatially locates genetic breaks by considering which adjacent 

populations have the highest pairwise genetic distances (Manni et al. 2004).  Lastly, genetic 

distances can be interpolated to form map layers that easily visualize spatial patterns in 

population differentiation (Miller 2005; Miller et al. 2006).  While some information is 

certainly lost by summarizing genotypes and their frequencies into a few descriptive 

measures, the summary statistics are a simple and straightforward way to search for broader 

geographic patterns.   

In addition to some data loss by using summary statistics, a drawback of their use is 

that oftentimes the geographic regions must be defined a priori for comparison.  In two or 

three dimensional systems, it can be difficult to divide the landscape into objective areas, and 

some results may be sensitive to regional definitions.  For instance, in many temperate post-

glacial studies, a decline in genetic diversity is expected to accompany increases in latitude 

due to bottlenecks and founder events that may have occurred during recolonization (Hewitt 

1996; Ibrahim et al. 1996; Hewitt 2000).  This signal may be lost if populations are binned 
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into faulty regional classifications.  For instance, if many northern populations are 

misincluded within the southern region, then measures of haplotype diversity may be 

artificially low and less different from values in the “northern” region.  Analyses that require 

these types of a priori definitions could benefit from the development of sensitivity tests and 

better ways to assess robustness to regional boundaries.  This recommendation also applies 

to analyses that more explicitly account for space and require no a priori definitions.  For 

example, even though Monmonier’s method finds barriers anywhere on the landscape 

without regard to regional definitions, confidence in its results must still be assessed.  A 

cross-validation method could explore the robustness of the genetic barriers to the sampling 

method (chapter 2).  In short, the resulting barriers are validated by subsampling the genetic 

data by locality.  The importance of particular sample sites can be understood, and it results 

in a more accurate measure of confidence.   

21B21BNested clade analysis 

 Many non-summary statistic approaches have been developed to more fully utilize 

the genetic datasets in phylogeographic analyses.  One of the first methods to explicitly 

incorporate phylogenetic relationships among genotypes into phylogeographic inferences 

was nested clade analysis (NCA) (Templeton 1998).  It was reasoned that certain patterns of 

allelic relationships and their geographic distributions were the result of specific 

demographic histories such as range expansion, allopatric fragmentation, long distance 

dispersal, etc., and an inference key was provided that led the user from phylogenetic and 

geographic patterns to an associated demographic history (Templeton 1998).  The inference 

key was somewhat intuitive for certain patterns; for example, if closely related alleles at the 

tips of the haplotype network were distributed across a wide geographic range, an inference 
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of range expansion was returned (Templeton 1998).  However, this method, especially the 

inference key, has not survived rigorous testing; several studies using simulated data have 

shown a high rate of false positives, where incorrect inferences were returned in over 75% of 

datasets (Knowles and Maddison 2002; Panchal and Beaumont 2007).  Several authors have 

called on the community to abandon this method altogether (Beaumont and Panchal 2008; 

Petit 2008; Knowles 2009).  Even so, proponents of the method have continued to endorse 

its use claiming that the rate of false positives will decrease sharply with the incorporation of 

more loci, that the simulations were conducted on biologically improbable datasets that had 

implemented old versions of the inference key (which the authors dispute (Beaumont and 

Panchal 2008)), and that tests with empirical data indicate a much lower fraction of failures 

(Templeton 2004; Templeton 2008; Templeton 2009).   

While more loci will likely improve the accuracy of NCA as well as many other 

phylogeographic methods, the tests performed by Templeton (2004) that show high 

agreement between NCA results and a priori expectations do not adequately refute NCA 

criticisms.  First, this result does not address the concern of false positives or error rates 

(Knowles 2009), but rather shows that NCA can produce some “correct” results.  Second, 

even the error rates estimated using Templeton’s approach are very troubling at 23% 

(Templeton 2004).  Improvements have been recently suggested (Templeton 2009), but not 

yet tested by other authors.  A more moderate view is that while the conclusions of NCA 

cannot be trusted, they are still valuable as a method of hypothesis generation (Garrick et al. 

2008).  Furthermore, proponents decry the lack of single method alternatives and accept 

NCA’s use until one is developed (Garrick et al. 2008).  However, if users already have a 

priori expectations, then what additionally can NCA provide as a hypothesis generating 
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mechanism?  Also, while there is no silver bullet method that stands as an alternative to 

NCA that claims to reach as far ranging conclusions, there are a plethora of methodologies 

available that test specific hypotheses of population history (ex. mismatch distributions, 

assignment tests, coalescent estimates of migration rates, etc.).  Due to these concerns, the 

plurality view is to drop the use of NCA and instead embrace more targeted 

phylogeographic methods.   

22B22BPhylogeographic methods that utilize genealogies 

 In addition to NCA, many other methods have been developed that incorporate 

allelic relationships in estimating phylogeographic histories.  They can be divided into two 

main categories: methods that explicitly account for space, and methods that do not.  The 

case that maximally utilizes phylogenetic and geographic information was developed by 

Lemmon and Lemmon (2008).  Their approach estimates the geographic coordinates of 

ancestral nodes within the genealogy of sampled individuals using a maximum likelihood 

framework (Lemmon and Lemmon 2008).  While a powerful analysis technique, this method 

has high requirements for its input data that many plant systems will find challenging to 

meet.  For instance, a fully resolved intraspecific phylogeny based on a single locus is 

necessary for estimations, and the strength of the results largely depends on the support for 

the phylogeny, which can be very low in most plant systems.  More generally, genealogies 

have been plotted on maps (without specific inferences on ancestral distributions) to 

visualize the relationships between clades and geography (Kidd and Ritchie 2006).  Once 

again, this approach is usually more fruitful in animal systems where better supported, more 

highly resolved intraspecific phylogenies exist.   
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 While not explicitly accounting for space, several methods utilizing gene genealogies 

and the coalescent model can still be informative about migration histories.  These methods 

estimate a variety of demographic parameters such as effective population sizes, migration 

rates, and divergence times (Beerli and Felsenstein 1999; Beerli and Felsenstein 2001; Hey 

and Nielsen 2004; Beerli 2006; Hey and Nielsen 2007).  In these analyses, the data are 

divided into groups (“populations”) from which parameters are estimated.  If the groups are 

geographically defined (versus by host race, species, etc.), then the migration rates, 

divergence times, etc. refer to geographic structure and processes.  For example, Carstens et 

al. (2005) used this approach to test colonization scenarios between the northern Rocky 

Mountains, northern Cascades, and southern Cascades in a suite of species from the Pacific 

Northwest.  By estimating divergence times between geographic areas, pre- and post-

Pleistocene migration scenarios were distinguished (Carstens et al. 2005).  Similarly, 

migration rates were calculated among human populations in Pakistan to understand the 

directionality of movement patterns and to assess the effects of altitude on dispersal (Faubet 

and Gaggiotti 2008).  These population demographic parameters can reveal directionality of 

gene flow on the landscape, age of divergences between geographic regions, and changes in 

effective population size between regions.  Once again, however, the parameter estimates are 

dependent on how the groups are defined, and where geographic boundaries are drawn.  

Studies need to carefully justify regional boundaries or show the robustness of conclusions 

to different regional definitions.   

 The a priori definition of populations, groups, or regions can limit the ability to 

discern population structure at the appropriate scale.  Assignment test or cluster based 

methods forgo this requirement and ignore any metadata on geographic location, 
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morphological variety, etc. as it sorts genotypes into groups (ex. Pritchard et al. 2000; 

Corander et al. 2003; Corander and Marttinen 2006; Corander and Tang 2007).  These 

groups (sometimes called “populations”) represent the most cohesive genetic entities in the 

dataset.  The population assignments are then compared to the actual metadata (geographic 

locations, taxonomic variety, etc.) in the search for biological meaning in the delimitations of 

these clusters.  If the clusters correspond to geographic regions, then genetically connected 

and disconnected areas are identifiable.  Furthermore, the hierarchical relationships among 

clusters can be used to inform relationships among geographic areas.  For example, in a 

study of 1056 humans from across the world, division of individuals into 4 groups 

recognized clusters primarily composed of Africans, Europeans + Middle Easterners + 

Central/South Asians, East Asians, and Americans (Rosenberg et al. 2002).  When restricting 

assignments to only 2 clusters, East Asians and Americans were grouped together versus all 

other individuals, indicating a closer relationship between East Asia and America (Rosenberg 

et al. 2002).  This method is very flexible and benefits from additional loci.  Spatial 

information can also be used to further inform the cluster assignments (Guillot et al. 2005; 

Chen et al. 2007; Corander et al. 2008). 

10B10BCurrent comparative phylogeographic methods 

23B23BMethods that synthesize single species phylogeographies  

After identifying patterns in a species of interest, the next step is to look for 

commonalities among multiple species.  The simplest comparisons involve consistent 

regional definitions that hold across species.  For instance, in the example of ecosystem 

phylogeography in the Pacific Northwest described above, Carstens et al. (2005) examined 
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patterns of dispersal and vicariance in 6 species with similar distributions broken into 3 

broad regions.  The possible migration scenarios between regions for each species were the 

same, and each species analysis was treated separately.  Because the number of scenarios was 

limited (3 mutually exclusive hypotheses), comparisons of results were very manageable and 

common patterns were straightforward to identify (Carstens et al. 2005).  When many more 

scenarios are possible, it becomes increasingly difficult to rely on a priori hypothesis 

discrimination to identify shared patterns.  For instance in southeastern North American 

phylogeographies, many more migration scenarios are possible based on rivers, mountains, 

and other discontinuities (Soltis et al. 2006).  At this larger scale, finding taxa with similar 

distributions also becomes more challenging, and unless an extreme geographic boundary 

exists, species tend to have unique phylogeographic patterns (Davis 1983).  Because of the 

broader scope of the southeastern North American study, Soltis et al. (2006) identified the 

major genetic boundaries for each taxon, then employed a Geographic Information Systems 

(GIS) framework to check for similarities in boundary locations.  No boundaries withstood 

this test, and it was concluded that no one barrier appears to have structured most 

southeastern North American taxa (Soltis et al. 2006).  However, certain geographic 

discontinuities were common among a subset of taxa.  These were identified generally 

through visual comparisons of single species datasets (Soltis et al. 2006).  A concern for this 

approach is that it is difficult to discriminate between true congruence of patterns and 

pseudocongruence, or similar patterns arising from different migration processes, without 

more closely examining each taxon’s migration history (Cunningham and Collins 1994).   

One method of addressing the issue of pseudocongruence in phylogeographic 

patterns is to examine the timing of divergences across shared geographic barriers.  A 
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hierarchical Bayesian method can be used to test for simultaneous divergences in many taxa 

across the same geographic boundary (Hickerson et al. 2006; Hickerson et al. 2007).  For 

example, 8 pairs of echinoid sister species are split in geographic distribution by the isthmus 

of Panama, and show similar patterns of differentiation across this boundary (Hickerson et 

al. 2006).  However, is this a case of pseudocongruence? Is the timing of divergence the 

same for all pairs?  Estimates of simultaneous vicariance of all sister pairs indicated that not 

all divergences occurred at the same time; in particular, one sister pair diverged later than the 

other 7, which did diverge simultaneously at 3.1 million years ago, corresponding with the 

rise of the Panamanian isthmus (Hickerson et al. 2006).  This is a useful method for testing 

the timing of a hypothesized barrier’s effects on multiple taxa.  However, to use this method 

one must have an a priori barrier of interest to investigate.   

In contrast to the approach of combining multiple individual species analyses, Petit 

et al. (2003) first averaged data across species for each region, then analyzed the 

conglomerate data for geographic patterns.  For example, allelic richness was calculated per 

species per region, then averaged by species to form a measure of allelic richness “per 

forest”.  These values were visualized geographically and interpreted to show whole 

community patterns.  From this analysis, the highest levels of allelic richness per forest were 

obtained at high latitudes, north of the hypothesized refugial peninsulas (Petit et al. 2003).  

This result was interpreted to show that the overwhelming pattern for many forest species 

was one of suture zones north of the mountains where lineages met from multiple refugia 

(Petit et al. 2003).  This study had a major advantage over other comparative 

phylogeographies -- the specimens for all species were collected within the exact same 

localities.  This approach is quite remarkable and allows for average forest diversity indices 
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to be calculated without need for false combinations of nearby populations or spatial 

interpolations.  On the other hand, by limiting the analysis to only shared populations, many 

species specific data points may have been discarded that could resolve finer scale patterns.  

Also, methods should be developed to extend this approach to less carefully collected 

comparative studies, where it is of interest to combine data with different collecting schema 

and with different distributions.  A possible solution is to use spatial interpolations to bring 

differently developed datasets into comparable formats (see below).   

24B24BCombining multiple datatypes 

While a multitude of phylogeographic methods for single and multi-species analyses 

exist, a vacancy remains for a quantitative method to compare genetic and non-genetic 

datatypes.  Most commonly, phylogeographers will use fossil datasets to inform hypotheses 

that are then tested using genetic methods (Cruzan and Templeton 2000; Palme et al. 2003; 

Tiffney 2008).  Assessing agreement between fossil and genetic datasets commonly relies on 

visual analyses, especially concerning the general location of glacial refuges.  The genetic data 

often show different refuges than the fossil data, perhaps located closer to the ice margin 

(McLachlan et al. 2005; Sommer and Zachos 2009), and migration from these “cryptic” 

refuges could drastically alter estimates of a species’ migration capacity (Provan and Bennett 

2008).  In addition to hypothesis formation, fossils can contribute by calibrating divergence 

time estimates within the phylogeography (Morris et al. 2008).  Moreover, fossils can inform 

the timing of range expansions of genotypes.  For instance, studies that combine molecular 

and fossil evidence often do so through assigning fossil deposits likely genetic haplotypes 

(McLachlan et al. 2005; Magri et al. 2006).  The assumption is that post-glacial range 

contractions are few, and founder events were responsible for the present patterns of genetic 
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diversity (Magri et al. 2006).  Through these assignments, the fossil and genetic data are 

linked, and the spread of genotypes can now be tracked through time.   

11B11BIntroducing a GIS framework for comparative phylogeography 

Most of the phylogeographic methods described thus far have relied on a priori 

divisions of space and have focused on understanding genetic patterns across those spatial 

boundaries.  The opposite approach should also be explored: Given genetic patterns, is it 

possible to identify where spatial divisions occur?  And where are areas of connectivity or 

migration corridors?  This approach requires an explicit accounting for space in models of 

demographic history.  The first step is to translate the phylogeographic data into a 

geographic map layer.  A straightforward method is to construct a landscape surface based 

on a genetic diversity statistic, such as FST or Nei and Li distances (Nei and Li 1979; Weir 

1996).  In this visualization, the X and Y are the geographic coordinates for the range of the 

species of interest.  The Z axis reflects the genetic data at a particular XY coordinate; in this 

case, the genetic data are summarized by genetic distances.  Pairwise genetic distances are 

assigned to the midpoints between localities.  The rest of the surface is constructed by 

interpolation (Miller 2005; Storfer et al. 2007).  This same procedure can be repeated for 

multiple datasets and multiple species.  In this way, even datasets that were sampled 

differently can be converted to the same cell size and extent, resulting in comparable maps.  

Also, different datatypes can be easily accommodated as long as they too can be converted 

into a geographic map layer.  Now fossils can be integrated into analyses directly.  

Additionally, these layers can be more informative than in previous treatments, because not 

only can they contain information on range limits at different time slices but also on density.   
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Once map layers have been constructed for each of the datasets and species of 

interest, a suite of map functions and map algebra are at our disposal.  Explicit spatial 

comparisons among datasets can now be made on a grid cell by grid cell basis.  Linear 

models are a natural outgrowth of map algebra and can be used to quantify relationships 

between datasets.  In this way, we are less reliant on visual pattern recognition, and instead 

can use regression, correlation coefficients, or other spatial statistical methodologies to check 

for agreement between datasets.  In addition to providing a framework for comparing multi-

species and multi-type datasets, the map layers can be used as inputs in landscape path 

analyses, where the goal is to spatially locate migration corridors.  The genetic distances can 

be used as a proxy for habitat resistances (inverse of habitat porosity, or how easy it is to 

disperse through the habitat), and the resulting least-cost-paths between populations show 

the most likely routes of gene flow.  This GIS framework is a gateway to landscape 

ecological tools commonly used in conservation biology.   

In implementing these map based methods, one must acknowledge the non-

independence of the map data.  In addition to possible underlying spatial processes, the 

maps are created through interpolations, which necessarily create non-independent data 

points, which could result in inflated confidence in misleading results.  However, this effect 

can be ameliorated by explicitly including spatial dependence in the models.  For instance, in 

linear models a spatial lag term should be included (Ward and Gleditsch 2008), and 

autocorrelations among residuals should be checked to ensure that spatial variation has been 

accounted for.   
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12B12BCase study: Comparative phylogeographies in host-parasite systems 

The habitable areas of many plant species will shift dramatically during the twenty-

first century (Davis and Zabinski 1992; Iverson and Prasad 2002). As their distributions 

change and plants migrate to these new places, do forest communities act as cohesive units, 

or will species move independently and set up new associations? Much research on tree 

species have shown that they generally respond independently to climate change (Davis 

1983; Comes and Kadereit 1998), and this suggests that communities are transient. However, 

little attention has been given to understory species that are dependent on trees for habitat 

or resources. Will species that have dependent associations with trees, such as parasites, have 

dependent migration routes? By studying the migration patterns of hosts and parasites, we 

can understand how the range of a species changes relative to that of a close associate, which 

is central to understanding the cohesiveness of communities and how assemblages of 

organisms move. 

Parasites and other symbionts are increasingly used to track the migration histories 

of their hosts, because they often provide higher resolution patterns courtesy of shorter 

generation times and faster evolving genomes (Wirth et al. 2005; Nieberding and Olivieri 

2007). Successful studies have mined the genomes of gut bacteria (Wirth et al. 2005), lice 

(Nadler et al. 1990), and other symbionts (Criscione and Blouin 2007) to trace complex 

human and other animal migratory patterns.  But this strategy of using parasites as proxies 

has not yet caught on in the botanical world, where parasitism has evolved at least 11 times 

across many diverse angiosperm families (Barkman et al. 2007).  Plant phylogeography has 

much to gain from this approach due to the challenges of slower mutation rates and 

subsequent low resolution of migration routes.   
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25B25BPopulation structure in parasitic plant systems 

Previous studies of parasitic plant systems have focused on identifying host race 

formation and any major phylogeographical breaks between regions.  Results have been 

largely mixed, with many studies showing genetic differentiation by host, fewer showing 

geographic patterns to the variation, and some showing no patterns discernable by host or 

geography.  For instance, several species of mistletoes, Arceuthobium vaginatum and A. 

americanum (Santalaceae), showed differentiation at several allozyme loci dependent on what 

host the specimens were found infesting, Pinus contorta or P. ponderosa (Linhart et al. 2003).  

Similarly, another mistletoe, Viscum album (Santalaceae), was found with differentiated 

cpDNA based on its host, Abies, Pinus, or angiosperms, and within the host races further 

cryptic species were suggested within geographically distinct Turkish populations (Zuber and 

Widmer 2009).  Other parasites with broad host ranges were not found to be structured 

along host lines.  For example, taxa as divergent as Pedicularis chamissonis (Scrophulariaceae) in 

New Zealand and Dactylanthus taylorii (Balanophoraceae) from Japan instead showed 

substantial population structuring by rough north-south or east-west divisions (Fujii et al. 

1997; Holzapfel et al. 2002).  Some finer scale geographic patterns were found within the 

southern clade of P. chamissonis (Fujii et al. 1997), but D. taylorii did not show any relationship 

between geographic and genetic distances within its eastern or western ranges (Holzapfel et 

al. 2002).  Most studies of parasitic species found some population differentiation that was 

either structured into host races or geographic entities. 

A few comparative studies have been conducted on the population structure 

between parasitic plants and their hosts.  Once again, a wide range of results were recovered, 

though geographic structuring of populations was unusual.  For instance, the parasite Cuscuta 
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europaea (Convolvulaceae) had very high levels of gene flow, and its populations were less 

differentiated than its host, Urtica dioica (Urticaceae) (Mutikainen and Koskela 2002).  No 

host race formation was recovered, and no correlation was found between host and parasite 

genetic distances (Mutikainen and Koskela 2002).  On the other hand, a study of 

Arceuthobium americanum and its Pinus host species revealed varieties of the parasite structured 

by host (host race formation) (Jerome and Ford 2002; Jerome and Ford 2002).  The parasite 

was more finely structured into three races versus the host into two groups, perhaps due to 

its more restrictive pollination and dispersal biology, but once again there was no 

relationship between geographic and genetic distances (Jerome and Ford 2002).  Similarly, no 

isolation by distance was found in Cytinus (Cytinaceae), a Mediterranean holoparasite that 

parasitizes members of the Cistaceae, the rock-rose family (de Vega et al. 2008).  However, 

extreme cases of host specialization and race formation were found in Cytinus.  High levels of 

genetic differentiation were found based not only on host species, but also were related to 

the relationships between the hosts (de Vega et al. 2008). Parasite races were structured 

based on the infrageneric relationships of the host species, likely showing a true case of 

cospeciation or at least co-differentiation (de Vega et al. 2008).   

26B26BIntroduction to the Fagus-Epifagus system: The parasite, Epifagus virginiana 

Epifagus virginiana (beechdrop) is a highly specialized parasitic plant that is commonly 

found on the roots of Fagus grandifolia (American beech).  The herbaceous plant is a highly 

derived member of the Orobanchaceae (the broomrapes) (Bennett and Mathews 2006; Park 

et al. 2008).  The Orobanchaceae is comprised of 89 genera and 2061 species with a 

worldwide distribution, though it is most commonly found in the temperate northern 

hemisphere and dry tropics of Africa (Bennett and Mathews 2006).  Members of the 
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Orobanchaceae are exclusively root parasites (except for the non-parasitic Lindenbergia) and 

form a highly supported monophyletic group within the Scrophulariaceae sensu lato 

(Olmstead et al. 2001).  Epifagus is closely related to other North American parasites, 

specifically Conopholis and Boschniakia, though Epifagus is very distinct with its annual habit, 

reduced haustorium (the parasitic organ), and slender, non-fleshy, stems (Wolfe et al. 2005; 

Park et al. 2008).  Also, Epifagus is unique in that it is monotypic and highly host specific; it 

obligately parasitizes only the single species of F. grandifolia, except in a few isolated 

populations in Tamaulipas and Hidalgo, Mexico where it instead parasitizes the closely 

related F. mexicana (Thieret 1969).  It is distributed across the entire range of F. grandifolia  

from eastern Wisconsin to Nova Scotia, south to Louisiana and northern Florida (Thieret 

1969; USDA and NRCS 2009); it is usually very abundant when present but is patchily 

distributed.   

In angiosperms, holoparasitism, or a complete heterotrophic lifestyle, is commonly 

accompanied by a suite of many morphological and genetic traits.  Epifagus exemplifies many 

of these phenotypes.  It is completely non-photosynthetic, possesses extremely reduced 

leaves and roots, and has chloroplasts with a drastically reduced thylakoid system (Walsh et 

al. 1980).  Even so, there is some color variation in the stems (from cream to purplish-

brown) that seems to be dependent on light availability and different chloroplast types 

(Schrenk 1894; Walsh et al. 1980), so there may be some remaining chloroplast functionality.  

Genetically, Epifagus has increased mutation rates, perhaps due to a lack of requirements for 

photosynthesis (Wolfe et al. 1992).  Its chloroplast DNA retains only a fraction of the genes 

found in photosynthetic organisms, having lost most genes involved in photosynthesis, 

chlororespiration, and chloroplast specific RNA polymerases (dePamphilis and Palmer 1990; 
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Wolfe et al. 1992).  Interestingly, however, the chloroplast does not appear entirely defunct 

with evidence for the selective preservation of certain open reading frames and tRNA genes 

(Wolfe et al. 1992; Wolfe et al. 1992; Lohan and Wolfe 1998).  The high chloroplast 

mutation rate of Epifagus is reproduced in other parasitic lineages (Nickrent et al. 1997), 

where high mutation rates are not restricted to the chloroplast compartment but are also 

present in mitochondrial (Duff and Nickrent 1997) and nuclear DNA (Nickrent and Starr 

1994).   

The reproductive ecology of Epifagus is largely a story of selfing.  Epifagus produces 

reddish-purple colored flowers and capsules along most of its stems and branches from July 

to November.  While some flowers are chasmogamous, or open, in the upper portions of 

the stems, most seed set is a result of cleistogamous, or closed, flowers (Cooke and Schively 

1904).  With the high rate of cleistogamy, the necessity of pollinators seems negligible, and 

some plants never pierce the duff to even be exposed to pollination vectors (Leavitt 1902; 

Kuijt 1969).  Nuclear microsatellite data confirm these observations with very few 

heterozygotes found (see Chapter 3).  As a corollary, life below the duff likely ensures very 

limited dispersal of its small, dust-like, seeds.  The seeds of Epifagus generally appear to be 

passively dispersed, with no elaisome to attract animal vectors, and being “slightly sticky” 

which discourages wind dispersal (Thieret 1969).  The capsules open upward to form a 

“splash cup” morphology that may facilitate dispersal by water (Thieret 1969).  The fleshy 

bodied sister genus to Epifagus, Conopholis, is thought to be an important source of food and 

nutrition for bears and other mammals (Seibert and Pelton 1994; Inman and Pelton 2002), 

and deer have been known to browse Epifagus in the autumn months (D Whigham, pers. 

comm.), so some unintentional mammal dispersal is not impossible.  Seed germination in 
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Epifagus depends upon a thermolabile compound that is likely a host root exudate (Williams 

and Zuck 1986).  A connection between parasite and host is formed early on, and the 

haustorium is likely constructed of recruited host tissue (Cooke and Schively 1904).  Epifagus 

seems to parasitize fine, young host roots close to the soil surface, unlike Conopholis which 

forms thick haustoria on larger roots (Thieret 1969).  The virulence of the parasitic infection 

is incredibly low with no known detrimental effects to the host, and the parasitism having no 

measureable effect on seedling survival (Musser 1979). 

27B27BThe study system: the host, Fagus grandifolia 

Fagus grandifolia is a secondary succession species of the beech/maple climax 

community.  It is fairly shade tolerant, so it can often invade under a thick forest canopy and 

sometimes spreads extensively through root suckering (Kitamura et al. 2001; Kitamura and 

Kawano 2001).  F. grandifolia is most common in the Great Lakes region, the northeastern 

part of its range, and in the southern Appalachians.  In the southern range, its abundance has 

been decreasing for the last 5000 years (Williams et al. 2004).  Beech is limited by cold 

temperatures at its northern range and by lack of moisture at its western limits (Huntley et al. 

1989), though in the upper peninsula of Michigan beech may be continuing to expand 

westwards (Woods and Davis 1989).   

Fagus is a basal genus in the family Fagaceae (Manos and Steele 1997), comprised of 

beeches and oaks found mainly in the northern hemisphere with centers of diversity in 

southeast Asia and North America (Manos and Stanford 2001).  Biogeographic studies 

suggest an Asian origin of this genus with subsequent dispersal to North America in the late 

Oligocene and early Miocene, followed by vicariance between continents (Manos and 

Stanford 2001).  North America harbors two species of Fagus, F. grandifolia and F. mexicana, 
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with disjunct geographic distributions that diverged about 7 million years ago (Little 1965; 

Manos and Stanford 2001).  Within F. grandifolia three varieties have been described (white, 

red, and gray beech) based on morphology, ecology, and geography (Camp 1950).   These 

distinctions have not been thoroughly tested using genetic tools, but analyses based on 

cpDNA show many shared haplotypes across the range indicating high levels of gene flow 

and fertility across the geographic boundaries of the races described by Camp (1950), and 

many populations contain a mix of races (McLachlan et al. 2005).  There is no evidence of 

discrimination of Epifagus based on host variety, although it is patchily distributed.   

Fagus grandifolia is monoecious and flowers in late April to May (Fowells 1965).  It 

primarily outcrosses and is wind pollinated, producing beechnuts that are dispersed by 

mammals or birds.  Germination occurs in early spring to summer, first requiring cold 

stratification, and seedlings can establish in heavily shaded conditions (Fowells 1965).  

Beeches generally begin to be reproductive at age 40 and produce seed crops every 2-3 years 

(Fowells 1965).  Roots develop fairly shallowly, and roots near the surface can be parasitized 

by Epifagus.   

The post-glacial phylogeographic history of F. grandifolia has been extensively studied 

using both fossils and genetic data.  At the last glacial maximum (~18 thousand years ago 

(kybp)), F. grandifolia was restricted to unglaciated territory south of the ice margin.  Fossil 

pollen records suggest higher concentrations of beech in the southwestern part of the range 

in Mississippi (Davis 1983), and possibly in a refuge in northern Florida (Delcourt and 

Delcourt 1987).  In addition to these suggested refuges, small deposits of F. grandifolia pollen 

were widespread during this period, suggesting diffuse, low density populations covering 

most of the range (Bennett 1985).  Studies using cpDNA markers have identified refuges at 
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mid-latitudes in Indiana/Kentucky/Ohio that are closer to the ice margin and do not 

correspond to either of the refuges identified by high density pollen fossils (McLachlan et al. 

2005), though see Morris et al. (2008).  Following the retreat of the glaciers, beech fossil 

pollen became common first in the southeast (15 kybp), then across the entire south, 

peaking around 12 kybp (Williams et al. 2004).  Beech density then increased dramatically in 

the northeast (9-7 kybp) and from there high density populations developed westwards into 

the midwestern and northern range (Williams et al. 2004).  The genetic data show a different 

pattern, where a high diversity of northern haplotypes are found in the putative mid-latitude 

refuges.  From there, the geographic distributions of the haplotypes trace northerly and 

northeasterly migration routes into the formerly glaciated territory (McLachlan et al. 2005; 

Morris et al. 2008).  The two datasets can be reconciled by understanding that the paleo- and 

molecular data address different aspects of the migration history of beech.  The fossil data 

are most informative in detecting high density populations, while the genetics are sensitive to 

population bottlenecks and genetic drift effects in small populations.  Since the initial range 

expansion of a species likely occurs from low density populations at the range limits, the 

genetic data reveal the initial migration routes involved, while the fossil data more accurately 

describe the changes in abundance through space and time.   

Estimates of migration rates for F. grandifolia differ dramatically based on the genetic 

or fossil pollen datasets.  Based on fossils, rates as high as 300 m/yr were estimated (Davis 

1981; Huntley et al. 1989), while rates as slow as 80 m/yr were recovered based on 

accounting for the genetic data (McLachlan et al. 2005).  The accuracy of migration estimates 

is especially important when predicting the future migration capacity of this species.  

Numerous elevated CO2 models predict the range of beech will shift radically northward into 
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Canada with its distribution in the USA shrinking by more than 90% due to moisture 

limitation in the south (Davis and Zabinski 1992; Iverson and Prasad 2002).  Given these 

potential threats to beech and its importance in the northern hardwood communities, the 

study of beech and associated plants is especially timely.   

28B28BWhat makes this system ideal? 

The Fagus-Epifagus system provides a simple and contained example of a two species 

community with tightly associated members at two trophic levels, an idealized case for 

studying the factors controlling community assembly.  Both the host and parasite are 

straightforward taxonomic entities with no records of hybridization with sympatric species 

or any other phylogenetic issues.  Furthermore, the extensive data describing the migration 

history of F. grandifolia is an advantage that can be used to construct testable hypotheses 

concerning the range expansion of Epifagus.  By comparing the population genetic structure 

of Epifagus against the host’s initial migration routes from the genetic data and the temporal 

and spatial changes in host density through the fossil pollen record, the effect of host density 

on parasite range expansion can be evaluated.  Furthermore, the host data provide an 

objective method to creating a priori regional boundaries, an issue that plagues most 

phylogeographies.  For instance, instead of assigning populations to regions subjectively by 

eye, regions can be defined by host range distributions at different time slices in the host 

pollen data.  So instead of “south” and “north” areas with unjustified distinctions, areas are 

labeled 13 kybp, 9 kybp, and 6 kybp based on the arrival time of host populations to those 

areas.   

Critical to studying the phylogeography of Epifagus is the ability to identify 

geographically structured genetic variation.  Several of the life history characters of Epifagus 
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strongly suggest that parasite populations should be highly differentiated.  For instance, 

because Epifagus largely relies on selfing as a reproductive mechanism, pollen flow between 

populations is negligible and is unlikely to muddy patterns structured by seed dispersal.  In 

addition, seed dispersal distances are likely low, because Epifagus is passively dispersed, so 

gene flow is very restricted, and populations of Epifagus should be highly differentiated.  

Selfing also results in a smaller effective population size (Pollak 1987), making populations 

more sensitive to the effects of genetic drift, and increasing the chances of homogeneous 

and highly differentiated populations.  In other species, the advantage of selfing creating 

differentiated populations is balanced by a normal mutation rate and a low diversity of 

alleles, so that resolution of geographic patterns may be inhibited by isolated populations 

becoming fixed for similar alleles by chance.  Fortunately, genetic variation is also easily 

uncoverable in Epifagus.  Due to its heightened mutation rate, fewer base pairs need to be 

sequenced to reveal many polymorphisms, making collecting informative genetic data highly 

efficient.  Also, its chloroplast genome has already been sequenced and annotated (Wolfe 

and dePamphilis 1998), making primer design straightforward.  Lastly, the power to 

differentiate between migration scenarios largely rests on extensive data collection from 

many localities evenly spaced across the entire range of Epifagus.  Collection of specimens of 

Epifagus is relatively straightforward because it is fairly abundant, easy to identify, and highly 

charismatic, so many local natural history societies and herbaria have records specifying its 

widespread distribution.   
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13B13BNext steps in comparative phylogeography 

Comparative phylogeographies strive to find common processes that limit range 

expansion in a wide variety of taxa.  Towards this goal, many single-species phylogeographic 

techniques have been developed.  The challenge is how to overlap these species specific 

patterns into a multi-species history.  In this review, I’ve presented several current 

comparative phylogeographic approaches and introduced a GIS framework for relating 

genetic population structure to other datatypes such as fossil pollen information.  In the 

future, other data sources should also be included in these analyses; for instance, ecological 

niche models at different time periods could inform changes in habitat availability.  Multi-

datatype and multi-species comparisons could elucidate aspects of life history, ecology, or 

population history that explain what most limits a species’ range expansion.   

This work also has significant implications for conservation. Post-glacial migration is 

approximately analogous to present day range expansion due to climate change. Through 

identifying the factors that controlled past migration and the life history characters that are 

associated with these limitations, we are better able to predict future migration events and to 

devise management strategies.  Design of corridors for conservation should be informed by 

current patterns in landscape connectivity and gene flow, which can be a direct result of 

phylogeographic studies.  Genetic data on population structure should be used to 

parameterize habitat cost models to locate migration corridors, which can also be used in 

forecasting future patterns.  For instance, Epps et al. (2007) discussed using a habitat cost 

model parameterized based on current genetic data from bighorn sheep to predict patterns 

of landscape connectivity if sheep populations were translocated to new areas.   
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Finally, understanding the migration patterns of parasites and pathogens is becoming 

more important as current climatic shifts open up new habitats for pests and as non-native 

pests are transported to previously inaccessible areas.  Global climate change and increased 

habitat disturbance and fragmentation are likely to result in high likelihoods of invasions by 

non-native species (Dukes and Mooney 1999).   For example, many species of Striga 

(Orobanchaceae) that parasitize grasses and important crop species across their native range 

in the Old World tropics and Africa are predicted to be of “great invasive potential” based 

on ecological niche models of current climatic conditions (Mohamed et al. 2007).  Several 

Striga species have already been introduced to North America in the 1950s and were subject 

to an intense eradication regimen that largely controlled their impact (Shaw et al. 1962), but 

new invasions into Florida and other areas are still occurring (Botanga and Timko 2007).  

Studies of the constraints on parasite migration will be essential to controlling these 

outbreaks in the future.   
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2. 4B4BHost density drives the post-glacial dispersal of the tree 
parasite, Epifagus virginiana 

As climate changes and species strive to survive, they are forced to shift their 

geographic ranges in order to remain in suitable habitats. For parasites and other highly 

specialized species, their distributions are dictated not only by climate but by the geographic 

range of the host, variation in host density, and many other environmental factors 

engineered by associated species.  Due to the often obligate relationship between host and 

parasite, parasite range expansions are thought to track the migration routes of their hosts, 

so they make attractive proxies for the host with their shorter generation times and more 

quickly evolving genomes (Wirth et al. 2005; Nieberding and Olivieri 2007).  However, 

symbionts are affected by more than just their hosts’ migration routes.  Parasite and host 

phylogeographic histories may be incongruent, and that conflict reflects other processes that 

have limited the spread of the parasite relative to the host.  In particular, the ability of the 

parasite to colonize the host landscape may be limited by its dispersal abilities or by the 

host’s density, which is highly sensitive to changes in climate.  A historical approach was 

taken, and I investigated the post-glacial migration and assembly of a tree-herb host-parasite 

system.  The influence of host density was examined by comparing the migration history of a 

parasitic plant against both the host phylogeography and host abundance data from the last 

21,000 years.  Post-glacial migration is approximately analogous to present day range shifts 

due to climate change, so the results of this study are pertinent to understanding current 

factors controlling community assembly at different trophic levels (Petit et al. 2008).   

The eastern North American study system consists of the parasitic plant, Epifagus 

virginiana (beechdrop; Orobanchaceae), which is an annual, self-fertilizing root parasite that 
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grows obligately on one tree species, Fagus grandifolia (American beech; Fagaceae).  The 

migration history of F. grandifolia has been extensively studied with both molecular 

(McLachlan et al. 2005) and paleopollen data (Davis 1983; Bennett 1985).  Along with other 

eastern North American species, F. grandifolia has contributed to a long-held paradigm 

concerning the capacity of temperate forests to successfully track climate change.  Based on 

fossil pollen data of these species, rapid migration rates have been estimated for trees 

confined in southern refugia during glacial periods that expanded their ranges quickly 

northward to their current distributional limits (Davis 1983; Delcourt and Delcourt 1987).  

These migration rates are orders of magnitude faster than estimates based on life history and 

seed trap data (Clark et al. 1998).  Recently, fossil pollen datasets have been re-interpreted as 

reflecting changes in abundance rather than documenting changes in range limits (Clark and 

McLachlan 2003).  Molecular datasets, because they are sensitive to small population sizes 

and founder events likely to occur at the range margins, are more likely to show the initial 

migration pathways (Petit et al. 1997).  Molecular phylogeographies have since uncovered 

more northerly refuges at mid-latitudes closer to the ice margin (Stewart and Lister 2001; 

McLachlan et al. 2005; Gonzales et al. 2008), that produce lower estimates of migration rates 

(Provan and Bennett 2008).  Together, molecular and paleopollen datasets provide insights 

into the two host factors most likely to influence broad-scale parasite migration patterns: 

changes in host range and host density.   

The availability of such detailed host information provides hypotheses against which 

to test parasite migration scenarios.  If host susceptibility rates are high and density 

independent, then the appearance of new host habitat and the parasite dispersal rate are the 

major constraints on parasite range expansion.  However, many disease systems are 
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additionally sensitive to fluctuations in host density, and successful establishment of a 

parasite may be limited by these effects (Kermack and McKendrick 1927; van Hulst et al. 

1987; Arneberg et al. 1998).  Because E. virginiana is obligate and host specific to this single 

species of Fagus, this two-species system is straightforward and ideal to address these 

potential host effects.  Furthermore, due to the extensive sampling of parasite and host data, 

I have the opportunity to use powerful analytical tools to answer the question, did the 

parasite, E. virginiana, primarily respond to changes in the host’s range or to changes in host 

density as it colonized the post-glacial landscape?  To answer this question, comparisons 

between the host and parasite migration histories were implemented using tools from (1) 

comparative phylogeography, such as genetic diversity and differentiation statistics, 

Monmonier’s algorithm, and Bayesian coalescent methods, and (2) from landscape ecology, 

where I present a newly developed method utilizing linear models to test relationships 

between the genetic and fossil density datasets.   

The initial migration of Fagus grandifolia into newly unglaciated territory was largely 

accompanied by rapid increases in abundance except in the colonization of the midwest.  

The fossil pollen data show beech to be broadly distributed in the south at 13 thousand years 

before present (kybp), followed by density increases in the northeast at 9 kybp, then a 

steadily westward increase in density into the midwest by 6 kybp (Hp; Fig 2.1A) (Williams et 

al. 2004).  In contrast, the host molecular data suggest a refuge near the glacial boundary 

from which colonists dispersed directly northwards into the midwest (Hm; Fig 2.1A) 

(McLachlan et al. 2005). The initial dispersal into the midwest must have occurred at low 

density, so that the pattern would have been missed in the pollen record (McLachlan and 

Clark 2004).  If the parasite shows similar migration routes to Hm, then it was able to 
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colonize low density host populations at the range margins, and its migration was largely 

limited by dispersal rate.  Alternatively, if the parasite’s range tracks the development of high 

density beech forests (HP), this suggests that the parasite’s range expansion was limited by 

host density.  The results have implications for the parasite’s migration capacity.  Even if the 

fossil pollen estimates were correct and tree species could rapidly equilibrate with global 

change, additional factors may cause parasite and other herbaceous species to lag behind.  

This would result in the disassembly of modern temperate forests and creation of 

communities with no past analogs (Williams and Jackson 2007), making forecasting future 

range expansions problematic.   

To elucidate the migration history of Epifagus virginiana two chloroplast DNA 

(cpDNA) markers were sequenced from 88 localities across the range with ~5 

samples/locality (see Materials and Methods).  Forty-one haplotypes are observed forming 4 

groups separated by multiple substitutions with high support (>65 parsimony/likelihood 

bootstrap, >97 posterior probability) (Fig 2.1B).  The yellow, orange, and green haplotype 

groups are distributed almost exclusively south of the last glacial maximum ice margin, while 

the blue haplotype group spans the midwest, northeast, and south (Fig 2.1C).  Not 

surprisingly, the hypothesized host refuge close to the ice margin contains all four major 

lineages.  However, unlike for the host, this region contains roughly the northernmost 

extents of the ranges of the yellow, orange, and green haplotype groups, which indicate that 

this region was an unlikely source for north-bound colonists into the midwest.   

While the northern range of the parasite is dominated by only the blue haplotype 

group, the population structure in the south is complex with the highest levels of total 

genetic diversity (VT), allelic richness (AR), and population differentiation (Gst = 0.782) (Tab 
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2.1).  The southern populations have low within (17.7%) and high among (82.3%) 

population variation according to an analysis of molecular variance (AMOVA) (Tab 2.4).  

The opposite is true for the northern regions, where parasite variation is increased within 

localities (71.2% and 46.2% respectively), indicating low population differentiation (Tab 2.4).  

While these results suggest more isolation between the southern populations and gene flow 

in the north, they stop short of providing the geographic locations of the boundaries 

segregating the genetic variation.  To locate these barriers I opted to use Monmonier’s 

algorithm, a method that traverses the geographic network of populations and identifies the 

spatial boundaries that maximize genetic differences between areas (Manni et al. 2004).  To 

explore the robustness of the inferred patterns, the data were cross-validated by 

reconstructing genetic boundaries in 1000 subsampled datasets.  Subsampling occurred at 

the locality level with 50% of localities sampled with replacement.   

The results of the cross-validated Monmonier analyses show genetic breaks 

concentrated in the region 13, with almost no genetic breaks north of the ice margin, and 

none between the northeast and midwest (regions 9 and 6)  (Fig 2.2). The lack of boundaries 

in the north further supports the east-to-west migration route of the parasite into the 

midwest (Hp; Fig 2.1A), but the pattern of genetic breaks in the south generally do not 

correspond to previously identified biogeographic boundaries such as along the 

Apalachicola, Tombigbee, or Mississippi Rivers (Soltis et al. 2006).  This is consistent with 

the interpretation that E. virginiana survived the glaciation in many small isolated host 

populations across the southern range.  In the north, the increase in host density following 

the last glacial maximum appears to have allowed the rapid range expansion of the parasite 
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which resulted in a lack of population differentiation and diversity (Ibrahim et al. 1996; Petit 

et al. 2002).   

The lack of northward migration into the midwest is further supported by migration 

rates among regions estimated using the Bayesian coalescent-based program IMa (Fig 2.1D, 

Tab 2.2) (Hey and Nielsen 2007).  Geographic regions 13, 9, and 6 were defined by the 

geographic range of host fossil pollen at 13 kybp, 9 kybp, and 6 kybp (Fig 2.1A).  Migration 

rates along south-to-north corridors into region 6, which encompasses the midwest, were 

significantly lower than those along east-to-west routes (M13->6 = 0.40, M9->6 = 3.32, P = 

0.0072, Tab 2.2, Fig 2.1D), reflecting the extensive sharing of blue haplotypes between the 

midwest and the northeast versus the restricted southern distributions of the other haplotype 

groups.  These results were robust to other regional definitions.  For instance, even if the 

area south of the ice margin in region 6 is included within region 13 (forming region 13+), 

migration rates from the expanded region were still significantly less than from the northeast 

(M13+->6 = 0.155, P = 0.003, Tab 2.2).  A westerly migration into the midwest is consistent 

with the parasite following increases in host density (HP).   

While the results of the AMOVA, Monmonier, and coalescent analyses suggest that 

Epifagus virginiana may be broadly tracking changes in host density, these findings are 

consistent with many hypothetical migration routes within regions 9 and 6 that may not 

agree with more detailed host patterns.  To better assess the relationships between parasite 

genetic patterns and a) geographic location, b) host genetic patterns, and c) host density, a 

method was developed to analyze these spatial data within a Geographic Information System 

(GIS) framework and using linear regression models (see Materials and Methods).  Parasite 

genetic patterns were developed into a raster map layer through interpolations of pairwise 
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Nei and Li genetic distances assigned to midpoints between neighboring localities (Nei and 

Li 1979) (Fig 2.3A).  The map layer was consistent with the Monmonier and AMOVA 

results that indicated high levels of differentiation among localities in the southern part of 

the range for E. virginiana (Fig 2.3A).  Linear models were constructed to predict the parasite 

genetic map layer based on a) latitude and longitude information, b) a similarly interpolated 

genetic distance map for the host, and c) an interpolated host pollen density layer averaged 

from 0-21 kybp (Fig 2.3B-D; see Tab 2.5 for best models).  The locations of strongest 

genetic differentiation for the host are in the midwestern and central parts of the range (Fig 

2.3C), while host density is highest in the north (Fig 2.3D).   

Parasite genetic patterns were significantly better predicted by the model that 

incorporated average host pollen density (R2 = 0.81, ΔAIC = 0, wAIC = 0.62, Fig 2.3G) 

than the model including host genetic distance as the explanatory variable (R2 = 0.71, ΔAIC 

= 521, wAIC = 0, Fig 2.3F) (see models 2 and 3 in Tab 2.5).  Furthermore, a model that 

incorporated both host density and host genetic distance performed significantly better than 

those with host genetics alone (R2 = 0.81, ΔAIC = 1, wAIC = 0.38, model 4 in Tab 2.5), 

though it was marginally worse than a simpler model with just host density.  The coefficient 

for the host genetic data was only marginally different from zero (0.04243, s.e. = 0.02158, P 

= 0.0495; model 2, Tab 2.5).  In contrast, the model incorporating host density information 

showed visible trends (Fig 2.3G) and had a larger coefficient significantly different from zero 

(-0.8237, s.e. = 0.03235, P < 0.001; model 4, Tab 2.5).  These results strongly suggest that 

host density was the primary determinant in the parasite’s range expansion and population 

genetics -- not the host’s own genetic patterns and migration routes.   
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Comparing the demographic histories of this parasite and its host indicates that the 

parasite’s movements broadly track not host presence but rather host density, potentially 

highlighting a process underlying community assembly.  Because of this dependence on host 

density, this parasite should not be used as a direct indicator of host range expansion even 

though its life history (obligate, host-specific parasitism, and mostly vertical transmission) 

suggests its utility as a proxy (Nieberding and Olivieri 2007).  In this case, the parasite was 

unable to keep up with the range margin of its host, perhaps indicating that the host’s initial 

range expansion occurred at low density and thus limited the establishment of the parasite in 

new populations.  Meanwhile, the parasite differentiated within isolated refuges in the south.  

Once the threshold host density level was reached in contiguous northern populations, 

parasites from the opportune source population (likely with blue haplotypes) then quickly 

colonized.  More generally, it seems likely that herbs and other highly specialized species may 

lag behind because the habitats they require are distributed in a more complex fashion across 

the landscape (Pakeman 2001).  For instance, other parasitic plants have shown high levels 

of population differentiation typical of long periods of isolation, small population sizes, and 

patchy habitats (Schmidt and Jensen 2000; Zuber and Widmer 2009), and patterns of genetic 

diversity in the mistletoe, Arceuthobium americanum, and its host, Pinus contorta var. latifolia, have 

supported a lag between host and parasite colonization of formerly glaciated territory 

(Jerome and Ford 2002; Jerome and Ford 2002).  The slower movement of herbs and 

parasites suggest that forest assemblages may partially disassociate while species react 

separately to climate change, and it is unclear if the migration capacity of highly specialized 

species is sufficient to outrun extirpation from their current ranges.   
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In the North American parasite, the inferred existence of southern refuges and the 

decline of genetic diversity with increasing latitude are similar to the patterns of genetic 

diversity seen in European oaks, maples, beeches, and other trees (Petit et al. 2002; Petit et 

al. 2003).  Both groups show evidence for southern refuges from which colonists originated.  

In Europe, this compaction into refugia in Iberian, Italian, or Balkan peninsulas was 

presumably due to topographic barriers (e.g. the Alps), and differentiation between refuges 

was encouraged by extensive geographic boundaries (e.g. the Mediterranean).  In eastern 

North America, such extreme east-west geographic boundaries were nonexistent.  Hence, 

the host tree was widely distributed south of the ice margin, and its genetic diversity patterns 

do not show a signal of being isolated in multiple southern refugia (McLachlan et al. 2005).  

In contrast with the host, the eastern North American parasite does show this signal.  

Instead of geographic boundaries, its isolation and subsequent differentiation were likely the 

result of patchy, high density host populations.  It seems likely that parasites and other highly 

specialized species that are associated with high density forests may lag behind trees during 

community assembly and would show the signature of southern refugia.   

14B14BMaterials and methods 

29B29BData collection 

Epifagus virginiana: A total of 467 samples from 88 localities across the entire range of 

E. virginiana (Fig 2.1A) were sampled during 2003-2007.  Plants from the same locality were 

collected at least 1 m apart, ensuring sampling of different individuals.  DNA extractions 

were performed on fresh, frozen, or silica gel dried corm or stem material following a 

standard CTAB protocol (Doyle and Doyle 1990) or using DNeasy Plant Mini Kits (Qiagen 



 35

Inc., Valencia, CA.).  PCR was performed to amplify two cpDNA regions: pseudogene rbcL 

with primers rbclf (GACTGAAAATCCTAGTGCCATCA) and rbclr 

(ACTAAACCGCCATCTTTCCA) and the first intron of clpP with primers clpP1f 

(AATGGTTTGCCTGTCCTTTG) and clpP1r (ACGTTTAGCATTCCCTCACG).  The 

primers were specific to E. virginiana and designed based on its published cpDNA genome 

(Wolfe et al. 1992).  PCR products were produced by Taq DNA polymerase or Phusion 

High-Fidelity DNA polymerase (New England BioLabs, Ipswich, MA).  PCR products were 

cleaned using an enzymatic protocol (Werle et al. 1994) with (2 U) Exonuclease I and (0.1 U) 

Shrimp Alkaline Phosphatase or (0.1 U) Antarctic Phosphatase (New England BioLabs, 

Ipswich, MA).  Cycle sequencing was performed following standard procedures using 

BigDye Terminator v3.1 (Applied Biosystems Inc., Carlsbad, CA).  Dye-labeled amplicons 

were analyzed on an ABI 3700 or Applied Biosystems 3730xL DNA Analyzer (Applied 

Biosystems Inc., Carlsbad, CA).  Sequences were edited and aligned using Sequencher v4.8 

(Gene Codes Corporation, Ann Arbor, MI).  Indel regions were excluded from analyses, 

leaving 1016 bp analyzed. 

Fagus grandifolia: 1901 bp of cpDNA sequence data for 121 samples from 97 localities 

of F. grandifolia were analyzed.  These data were from a previous study (McLachlan et al. 

(2005), and are publicly available in the Ecological Society of America’s Ecological Archives, 

E086-110-S1 (HHUUhttp://www.esapubs.org/archive/ecol/E086/110/UUHH).   

Fagus grandifolia fossil pollen data:  Interpolated fossil pollen data were taken from 

Williams et al. (2004).  These data offer pollen percentages at 1000 year time slices between 

the present and 21 kybp, and are publicly available via the Ecological Society of America’s 

Ecological Archives, M074-007-S1 (HHUUhttp://www.ncdc.noaa.gov/paleo/pubs/williams2004/UUHH).  
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30B30BPhylogenetic analyses of E. virginiana 

A subset of the cpDNA sequences consisting of only the 41 unique haplotypes were 

analyzed under maximum parsimony, maximum likelihood, and Bayesian frameworks using 

PAUP* v. 4.0b10 (Swofford 2003), GARLI v. 0.951 (Zwickl 2006), and Mr. Bayes v. 3.1.2 

(Ronquist and Huelsenbeck 2003) respectively.  A statistical parsimony haplotype network 

was constructed using TCS v1.21 (Clement et al. 2000) (Fig 2.1B). The haplotype network 

was consistent with trees constructed using any of the above approaches.  Haplotype groups 

were defined by clades with >65% bootstrap support (out of 1000 replicates) in the MP and 

ML analyses and >95% posterior probability in the Bayesian analysis.   

31B31BData visualization and figure creation 

Phylogeographic visualizations of haplotypes on maps were created using 

PhyloGeoViz v. 2.4.4 (http://phylogeoviz.org, Tsai and Kidd 2007) and plotted in Google 

Earth (Google Inc., Mountain View, CA).  Base layers of state boundaries were acquired 

from GPS Visualizer (http://www.gpsvisualizer.com/kml_overlay, Schneider 2003) and 

modified using Adobe Photoshop and Illustrator CS3 (Adobe Systems Inc., San Jose, CA).  

The ice margin at the last glacial maximum was plotted from Dyke et al. (2003). 

32B32BMonmonier analysis with cross-validation 

The entire Epifagus virginiana dataset, except samples from the Mexican locality (MX), 

was analyzed using Monmonier’s algorithm.  Monmonier analyses were carried out using the 

Adegenet package (Jombart 2008) for the R software environment v. 2.7.2 (http://www.r-

project.org, The R Foundation for Statistical Computing).  Barriers were computed with 

nrun = 1, scanthres = 0, and threshold = NULL.  To minimize barriers found at the edges 
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of the range due to concavity issues, nine virtual points were added at (W 90.38, N 45.77), 

(W 90.55, N 44.11), (W 90.38, N 42.34), (W 89.05, N 40.82), (W 89.44, N 39.52), (W 91.01, 

N 38.34), (W 92.61, N 37.40), (W 91.83, N 40.96), and (W 93.69, N 39.41).  Cross-validation 

analyses were performed by randomly subsampling the original data by 50% of the localities 

at a time.  Monmonier barriers were then recomputed for each replicate.  Paths in both 

directions were recorded.  1000 randomly subsampled replicates were performed.  To 

summarize results, paths from all replicates were analyzed together and binned into a 2-D 25 

cell x 25 cell histogram.  Data were visualized using a color ramp based on 0.05 quantiles.  

C++ and R scripts of the analyses are available from the authors.   

33B33BRegional definitions 

The geographic range map for Fagus  grandifolia (Fowells 1965) was assumed to be the 

same for the parasite.  The range was divided into 3 geographic regions based on fossil 

pollen evidence at different time slices.  Region 13 was defined by the location of F. 

grandifolia fossil pollen at 13 kybp that was >2% of all pollen recovered at a site.  Region 9 

was similarly defined based on the fossil pollen range at 9kybp, but it was the subset of the 

distribution not already within region 13.  The remaining area was named region 6, which 

also corresponds with the distribution fossil pollen at 6 kybp that excludes regions 13, and 9.  

To investigate the sensitivity of analyses to the regional definitions, analyses were rerun with 

an expanded region 13 (region 13+) and smaller region 6 (region 6-), where all localities south 

of the ice margin within region 6 were transferred into region 13+.  The Mexican population 

(MX) was treated separately and largely excluded from the subsequent analyses.   
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34B34BGenetic diversity statistics 

Diversity indices such as GST, NST, HT, and VT were calculated based on formulae in 

Pons and Petit (1996) and Petit et al. (2002).  These were calculated for each geographic 

region for both the parasite (Tab 2.1) and host data (Tab 2.2).  C++ source code performing 

the calculations is available from the authors.  Allelic richness and rarefaction analyses were 

performed using CONTRIB 

(http://www.pierroton.inra.fr/genetics/labo/Software/Contrib/, Petit et al. 1998).  

Analyses of molecular variance (AMOVA) were performed on the Epifagus virginiana 

dataset both over the entire range and within regions using Arlequin v. 2.000 (Schneider et 

al. 2000).   

35B35BEstimating migration rates and other population parameters using IMa 

Migration rates, population sizes, and time since divergence were estimated between 

all regional pairs (excluding the Mexican population) of the parasite using the program IMa 

(Hey and Nielsen 2007).  The program was run in ‘M’ mode with the following set 

parameters: maximum population sizes (4Nμ) = 10-35, maximum migration rates = 10-40, 

maximum divergence time = 10, 30 chains with a geometric heat mode, heating parameters 

g1 = 0.95 and g2 = 0.8, and burn in = 2500000 steps.  All analyses were run for at least 1.5 

million steps (and up to 15 million steps) following burn in and appeared to have converged 

according to trendline plots.  To assess the probability that the migration rate from one 

region was larger than that from another region, migration values were randomly drawn 

from each marginal distribution.  If the value from the first distribution was greater than the 

second, a value of 1 was assigned.  If smaller, a value of 0 was assigned.  This was repeated 

1000 times.  The average value of the 0 or 1 assignments was equivalent to the probability 
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that the first migration parameter was larger than the second.  This method of assessing 

significance was repeated for each pair of migration parameters.   

36B36BInterpolations and linear models 

Nei and Li genetic distances (1979) were calculated between each pair of localities for 

the parasite and host separately.  These data were interpolated to create raster maps of 

genetic distance.  The interpolations were done to the exact same grid cell size and extent as 

the already interpolated fossil pollen data (Williams et al. 2004).  In order to determine what 

populations were to be considered ‘neighbors’, a geographic network of all localities was 

constructed based on a Delaunay triangulation method implemented in the Adegenet R-

package (Jombart 2008).  Nei and Li genetic distances between these neighboring localities 

were then assigned to the midpoint coordinates between them.  These formed the basis of 

the interpolations.  Interpolations proceeded according to standard inverse weighting 

methods, where closer points were weighted more favorably than points farther away.  The 

fossil pollen record data was summarized by averaging host pollen percentages from 0-21 

kybp, not including zero or NA values.  Maps were visualized in R using a 0.1 quantile color 

ramp.   

The goal of the linear models was to assess similarity in the geographic patterns of 

genetic differentiation and density.  Before the regressions were performed, the maps were 

transformed into comparable scales.  This was done by relating each value to its percentile in 

the total distribution of the dataset, so that each map had values ranging from 0 to 1.  The 

row and column number of each grid cell were used as proxies for latitude and longitude.  

Linear regression models were constructed using the stats R-package, and each model was of 

the form: Parasite genetic distance ~ Host data + Row + Column + Row:Column.  The host 
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data included one or more of the following:  host genetic distances or average host pollen 

density as described above.  For each analysis with just one host element, multiple models 

were constructed with different numbers of polynomial terms (up to x10).  F-tests were 

performed to select the best polynomial model based on goodness of fit while biasing 

towards less complicated models with fewer terms.  Models were also constructed with all 

combinations of one or two host explanatory variables.  Models were compared using AIC 

values.  The best models are reported in Tab 2.5.  The absolute values of the residuals were 

mapped to highlight geographic areas where the models poorly explained the data.  An equal 

interval color ramp (excluding the top 5%) was chosen to allow easy comparison between 

models.  
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Table 2.1: Genetic diversity statistics for Epifagus virginiana.  L = No. of localities, N = No. of samples, G = No. of 
haplotype groups, A = No. of alleles, AR = Allelic richness after rarefaction to 5.  AE = No. of endemic alleles.  See Fig 2.1 for 
definition of regions.  Diversity statistics were not calculated for the MX population due to low sample size. 

 

 

Region L N G A AR AE HS (se) VS (se) HT (se) VT (se) GST (se) NST (se) 

13 35 203 4 22 2.48 17 0.177 
(0.047)

0.152 
(0.048)

0.813 
(0.045) 

0.931 
(0.117)

0.782 
(0.059) 

0.837 
(0.056) 

9 18 78 1 6 1.29 4 0.324 
(0.074)

0.072 
(0.017)

0.585 
(0.034) 

0.125 
(0.012)

0.446 
(0.131) 

0.428 
(0.150) 

6 32 182 4 19 2.24 13 0.355 
(0.051)

0.213 
(0.058)

0.759 
(0.054) 

0.515 
(0.104)

0.532 
(0.075) 

0.587 
(0.140) 

MX 1 5 1 1 0 1 ~ ~ ~ ~ ~ ~ 

All 86 468 4 41 2.82 ~ 0.272 
(0.032)

0.156 
(0.030)

0.861 
(0.018) 

0.862 
(0.058)

0.684 
(0.038) 

0.819 
(0.037) 
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Table 2.2: Population size, migration, and divergence time estimates between geographic regions of Epifagus 
virginiana defined in Fig 2.1(A).  The highest point in the posterior probability of the marginal distribution followed by the 95% credible 
interval is reported for each parameter.  R1, R2 = Regions 1 and 2.  θ1, θ2, and θA = Population size of region 1, 2, and ancestor respectively. 
MX->Y = Migration rate from region X into region Y.  t = Divergence time.  Estimates scaled by mutation rate.  a > b (P > 0.99).   

R1 R2 θ1 θ2 θA M2->1 M1->2 t 

13 6 20.20 
(12.97-33.55) 

17.22 
(10.13-30.12) 

0.07 
(1.35-135.70) 

0.28a 
(0.04-1.12) 

0.40a 
(0.10-1.36) 

4.64 
(0.90-9.74) 

9 6 4.61 
(1.37-12.55) 

26.11 
(14.57-66.68) 

12.24 
(2.28-102.81) 

0.02 
(0.02-8.20) 

3.32b 
(1.36-13.12) 

4.04 
(0.50-9.76) 

13 9 24.67 
(16.29-39.80) 

4.06 
(1.68-12.04) 

5.18 
(1.68-119.87) 

0.10a 
(0.01-0.52) 

0.02a 
(0.02-1.16) 

3.64 
(1.22-9.80) 

13+ 6- 25.98 
(17.64-41.80) 

11.03 
(5.58-21.86) 

8.43 
(1.88-189.00) 

0.12a 
(0.00-0.72) 

0.16a 
(0.02-1.18) 

2.90 
(0.92-9.70) 

9 6- 4.08 
(1.76-12.44) 

17.09 
(7.57-71.72) 

6.87 
(2.06-97.38) 

0.05 
(0.07-14.25) 

7.78b 
(2.92-29.58) 

3.40 
(0.70-9.62) 

 

 



 

44 

Table 2.3: Genetic diversity statistics for Fagus grandifolia (calculated from McLachlan et al.  2005). L = No. of 
localities, N = No. of samples, A = No. of alleles, AR = Allelic richness after rarefaction to 5.  See Fig 2.1 for definition of regions.  
Because of low sample size, F. grandifolia samples were grouped into “localities” roughly by state boundaries. 

Region L N G A AR AE HS (se) VS (se) HT (se) VT (se) GST (se) NST (se) 

13 9 50 5 8 1.14 6 0.305 
(0.126)

0.268 
(0.111)

0.446 
(0.127) 

0.416 
(0.114)

0.315  
(0.343) 

0.355  
(0.320) 

9 4 22 3 6 1.32 3 0.477 
(0.160)

0.207 
(0.155)

0.475 
(0.117) 

0.280 
(0.148)

-0.004  
(0.206) 

0.261  
(0.314) 

6 9 49 4 8 2.44 4 0.563 
(0.120)

0.489 
(0.161)

0.815 
(0.067) 

0.893 
(0.078)

0.309 
(0.158) 

0.452 
(0.186) 

All 22 121 5 17 1.85 ~ 0.442 
(0.078)

0.347 
(0.085)

0.636 
(0.079) 

0.638 
(0.098)

0.305  
(0.150) 

0.456  
(0.157) 
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Table 2.4: Analyses of Molecular Variance (AMOVA) in Epifagus virginiana.  Regions are defined in Fig 2.1A. 

 % of Variation 

Region Among regions Among populations Within populations 

13 ~ 82.28 17.72 

9 ~ 28.83 71.17 

6 ~ 57.36 42.64 

Entire range 34.25 47.65 18.10 

Table 2.5: Results of linear regression models.  The genetic distance of Epifagus virginiana (P) is the response variable in all 
cases.  Best model is in bold.  R = row (latitude), C = column (longitude), G = genetic distance of Fagus grandifolia (Nei and Li 
distances), D = average density of host through time (% of overall pollen).  All models have P-values <0.0001. 

Model Variables Polynomial model (P = ) R2 AIC ΔAIC wAIC 

1 R, C 1.5503 - 0.0308R - 0.0046C + 0.0001RC 0.71 -1105 523 0.00 

2 G, R, C 1.675 + 0.0424G - 0.0359R - 0.006C + 0.0002RC 0.71 -1107 521 0.00 

3 D, R, C 2.0679 - 0.8237D - 0.0299R - 0.0037C + 0.0002RC 0.81 -1628 0 0.62 
4 G, D, R, C 2.0951 + 0.0095G - 0.8225D - 0.031R - 0.0041C + 0.0002RC 0.81 -1627 1 0.38 
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Figure 2.1:  Epifagus virginiana. (A) Range map with competing migration route 
hypotheses shown.  Regions shaded according to the distribution of host (Fagus grandifolia) 
pollen at 13 kybp, 9 kybp, and 6 kybp (Williams et al. 2004).  Hp is the hypothesis based on 
host fossil pollen data; Hm is based on host cpDNA molecular evidence.  (B) cpDNA 
haplotype network.  Colors show haplotype group assignments.  Numbers are the parsimony 
and likelihood bootstraps and Bayesian posterior probability values, respectively, for each 
group.  Unfilled circles are unsampled haplotypes, and circle size reflects number of samples 
(min = 1, max = 128).  (C) Geographic distribution of cpDNA haplotypes.  Pie size is scaled 
to the number of samples per locality (min = 1, max = 11).  Colors reflect haplotype group 
assignment as in (B).  The Mexican population (MX) is >1250 km disjunct and is within a F. 
mexicana stand.  LGM = last glacial maximum.  (D) Migration rates.  Rates were estimated in 
pairwise analyses between the three regions (A) using the program IMa (Hey and Nielsen 
2007).  Migration rates that are significantly faster than others into the same region are 
indicated by * for P < 0.01.   
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Figure 2.1:  Epifagus virginiana.



 48

 

Figure 2.2:  Areas of high genetic differentiation of Epifagus virginiana.  
Discontinuities in the genetic structure were identified using Monmonier’s algorithm.  Colors 
correspond to the number of times a genetic break was found in that area over the 1000 
cross-validation subsamples.  Warmer colors have higher numbers of breaks; cooler or 
uncolored areas had few genetic breaks.   
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Figure 2.3:  Linear models predicting the genetic distances of Epifagus 
virginiana.  (A) Map of the genetic distances of E. virginiana (the response variable).  (B-
D) Maps of the major explanatory variables: latitude (B), host genetic distance (C), and 
average host density (D).  (E-G) Graphs of explanatory variables against parasite genetic 
distance.  Black circles are original data; blue circles are fitted parasite genetic distances based 
on the model.  Black lines are average fitted data.   
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3. 5B5BUsing spatial statistics and landscape genetic tools to identify 
the migration corridors of Epifagus virginiana 

15B15BIntroduction 

Phylogeographers and paleoecologists are interested in many of the same 

biogeographic questions regarding community assembly. For instance, in eastern North 

America, the migration routes of tree species and range changes of biomes have been 

intensively studied both with genetic and fossil data.  However, these research endeavors 

have progressed largely independently.  Standard methods of synthesis have yet to be 

developed that compare both genetic and paleo data in order to understand the relative 

colonization patterns of multiple members of the same community.  I am in a unique 

position to develop such methods due to the availability of extensive molecular and fossil 

datasets for my two focal species, a host-parasite system.  Previous phylogeographic work on 

the parasitic plant, Epifagus virginiana (beechdrop, Orobanchaceae), showed broad agreement 

between the parasite’s population genetic structure and trends in the density of the host tree, 

Fagus grandifolia (American beech, Fagaceae) (see chapter 2).  Here, this work is expanded 

with additional parasite molecular data and improved linear models to better understand 

how different host variables affect the parasite’s post-glacial colonization in key areas of 

eastern North America.  The knowledge of the relevant host constraints is then applied to 

build a habitat cost model for the parasite, from which the parasite’s migration corridors can 

be explicitly located.   

The aims of this study are four-fold: (1) to identify which host variables (genetic 

structure, density, variance in density, or arrival age) influenced the parasite’s range 

expansion, (2) to understand the effects of host variables in the unglaciated versus the 
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formerly glaciated parts of the range, (3) to geographically locate the migration corridors for 

the parasite, and (4) to confirm the directionality of the post-glacial migration routes of the 

parasite. 

Previous phylogeographic work based on cpDNA loci in E. virginiana revealed 

extensive population differentiation in the southern part of range, while the north is 

dominated by extensive sharing of closely related haplotypes that are rare in the south (see 

chapter 2).  This pattern is broadly consistent with host fossil pollen data that showed 

development of high density beech forests first in the south of the range, then in the 

northeast, and finally westward into the midwest (Davis 1983; Davis and Zabinski 1992; 

Williams et al. 2004).  However, the parasite migration patterns conflicted with the host’s 

genetic population structure which suggests refuges close to the ice margin and a northward 

(instead of westward) range expansion into the midwest (McLachlan et al. 2005).  These 

comparisons are interpreted to reflect the important role of host density on the parasite’s 

range expansion, whereas changes in the host’s own range distribution had nonsignificant 

effects on the parasite’s phylogeography (see chapter 2).  While the cpDNA was enough to 

elucidate these broad trends between datasets, alone it was insufficient to specifically locate 

the migration routes of the parasite.  For instance, though it was established that the 

migration rate into the midwest was higher from the northeast than the south, migration 

rates into other regions were equivocal between potential source populations, and the 

credible intervals for regional divergence times were highly overlapping.  Furthermore, the 

directionality of the migration route connecting the north remains in question, with the 

cpDNA data producing similar levels of migration between the northeast and midwest.  

Additional genetic loci should provide more accurate estimates of migration rates and 
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divergence times between geographic regions, thus increasing the resolution of the parasite’s 

population genetic patterns and the ability to discern directionality in those patterns.   

In addition to increasing the power to infer phylogeographic patterns, the new loci 

provide independent tests of the relationships between parasite population history and host 

variables.  To quantify these relationships linear models are used.  Previously in chapter 2, 

the models relating host and parasite variables included latitude and longitude parameters, 

but did not explicitly account for spatial non-independence of the data.  This error could be 

non-negligible considering the parasite genetic map layer was created by spatial interpolation 

of data points.  In fact, reanalysis of those models show strong spatial autocorrelations in the 

model residuals, suggesting that the resulting significance of model coefficients may be 

inflated.  This bias is corrected by building spatial autoregressive linear lag models (Ward and 

Gleditsch 2008), an approach that includes spatial dependencies among the parasite genetic 

data.   

In addition to data and model improvements, how the relationships among host and 

parasite variables may change across space is investigated.  Are the host variables shaping 

parasite population structure in the north also responsible for parasite patterns in the south?  

To investigate the possibilities of spatially dependent parasite histories, parasite population 

structure is modeled against multiple host variables utilizing data from the southern and 

northern ranges separately in addition to building models based on the full geographic 

distribution.   

From the parasite phylogeography and linear models, the host constraints that face 

the parasite on the landscape are better understood.  These relevant host variables can be 

interpreted as indicators of the quality of the parasite’s habitat.  Given a habitat map, 
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landscape ecological tools such as landscape connectivity and path analysis can be applied to 

elucidate common migration corridors.  Since the host fossil pollen data layers have higher 

resolution than the parasite genetic data, these data can be used to obtain with higher 

specificity the locations of parasite dispersal routes.   

The landscape path analyses require a habitat layer that consists of resistance costs 

assigned to various habitat types.  In the ideal case, the resistance value should be linearly 

correlated with the dispersal rate through the particular habitat (Beier et al. 2008).  

Accurately parameterizing the habitat cost model is difficult and can be highly controversial.  

Resistance values are often estimated based on expert opinion and/or empirical ecological 

studies of dispersal rates, which usually exhibit high species and locality specificity that may 

not be broadly applicable to other studies, so appropriate estimates may simply be 

unavailable in the literature (Beier et al. 2008).  Also, it is not uncommon for habitats to be 

ranked and then arbitrarily assigned weights.  The Fagus-Epifagus study system is uniquely 

suited to this analysis because the necessary empirical estimates of migration rates can be 

obtained through the genetic datasets.  Population genetic theory provides a useful model 

selection framework: a positive relationship is expected between genetic distances and 

effective geographic distances (Wright 1943; McRae and Nürnberger 2009), i.e. the 

geographic distance accounting for resistances encountered in the landscape.  The better the 

habitat cost model, the more accurate the estimates of effective geographic distances, and 

the higher correlation between the geographic distances and genetic distances (Cushman et 

al. 2006; Epps et al. 2007).  The genetic data provide a method to discern between the 

various habitat cost models, which are then used to locate the most likely migration 

corridors.   
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16B16BMaterials and Methods 

37B37BGenetic data 

Epifagus virginiana: Specimens were collected from 87 localities spread across the 

range of E. virginiana excluding the single Mexican population (see chapter 2 for more 

information).  In addition to the two cpDNA loci analyzed previously, genotypic data were 

added from 9 presumably nuclear microsatellite loci of 113-362 bp: MS10 (177-187 bp), 

MS34 (218-259 bp), MS43 (221-303 bp), MS63 (113-136 bp), MS76 (173-182 bp), MS92 

(345-362 bp), MS105 (143-161 bp), MS130A (260-266 bp), and MS135 (164-184 bp) (Tab 

3.1).  The microsatellites were developed following Zane et al.’s FIASCO method (2002) that 

utilizes AFLP’s and a microsatellite enrichment step.  PCR products were produced by Taq 

DNA polymerase or Phusion High-Fidelity DNA polymerase (New England BioLabs, 

Ipswich, MA).  Samples were pooled into sets of 2-3 loci and run on an Applied Biosystems 

3730xL DNA Analyzer with a ROX 500 size standard (Applied Biosystems Inc., Carlsbad, 

CA).  Genotypes were scored using GeneMarker v.1.80 (SoftGenetics LLC, State College, 

PA).  Because alleles were not equally spaced (e.g. every 2 bp), a stepwise, repeat-based 

mutation rate between alleles was not assumed in analyses.  Instead, alleles of a locus were 

ranked by their size and assigned an index value.  The locus MS92 was more complex than 

the others with several alleles (1-4) recovered for each sample; for instance, a sample might 

have bands at 345, 351, and 362 bp.  E. virginiana is a diploid with 2n=38 (Hanna Weiss-

Schneeweiss, unpublished data) and very few heterozygotes were recovered at the other loci 

(see results below), so this pattern appears to be the case of single alleles resulting in multiple 

bands.  Each set of bands was scored as a single allele with 3 possible alleles in total; all 
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samples were assumed to be homozygous at this locus.  In total, 450 samples were 

genotyped, 350 (78%) of which at all 9 loci, 403 (90%) at 6 or more.   

Fagus grandifolia:  Chloroplast DNA data from 121 samples from 97 localities were 

obtained from McLachlan et al. (2005) (see chapter 2 for more information).   

Construction of genetic map layers: The genetic map layers, EV and F.gen, were based on 

interpolated genetic distances between localities of E. virginiana and F. grandifolia respectively.  

Pairwise genetic distances were estimated using Reynolds’ method (Reynolds et al. 1983), a 

measure similar to Fst but linearized to divergence time, implemented in the Adegenet v.1.2-

2 R-package (Jombart 2008).  Genetic distances were assigned to the coordinates midway 

between each locality pair.  The distances were interpolated on a 50 km grid, with grid cells 

corresponding to those in the fossil pollen data (Williams et al. 2004).  In 17 instances, 

multiple parasite localities fell within the same grid cell.  In these cases, the data were pooled 

to form a single population per grid cell (8 pooled populations in total).  Interpolations 

proceeded according to a modified quadratic Shepard's inverse weighting method (Franke 

1982), where closer points were weighted more favorably than points farther away.  Only 

points within the present-day distribution of F. grandifolia were assigned values.  All other 

cells were left empty (assigned zero).  Maps were visualized in R using a 0.1 quantile color 

ramp. 

38B38BFossil pollen data 

Fossil pollen data for the host, Fagus grandifolia, were obtained from Williams et al. 

(2004).  The data are interpolated pollen percentages at 1000 yr time slices since 21 thousand 

years before present (kybp), and a layer at 500 ybp (see chapter 2 for more information).  

Absent data were assigned zero values.  Three summary-pollen layers were constructed 
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based on the 23 time-slice layers:  (1) an average pollen layer based on the arithmetic mean 

of all time-slices with all zeroes discarded (F.avgP), (2) a layer on the variance in pollen 

density across all time slices (including zero values) (F.varP), and (3) a colonization age layer 

which tracks the earliest date >2% pollen was recorded in that grid cell (F.age).  The 

threshold of 2% is consistent with values adopted by other authors in studies of European 

Fagus (Magri et al. 2006), and it produced colonization ages consistent with prior 

interpretations of the data (Davis 1983; Davis and Zabinski 1992).  Ten of the 1261 grid cells 

within the present-day distribution of F. grandifolia had <2% F. grandifolia pollen at all time-

slices.  For those cells, we estimated the arrival time by averaging values in the adjacent 8 

cells.  All layers were masked to include only points within the present-day distribution; all 

other cell values were set to zero.  To facilitate comparisons among pollen density layers, the 

time-slice and avgP layers were visualized using a common 0.1 quantile color ramp based on 

their combined pollen frequency distributions.  The varP and Fage layers were plotted on a 

0.1 quantile color ramp based on their separate distributions.   

39B39BPhylogeographic analyses 

The population genetic structure of the parasite was investigated using standard F 

statistics and a Bayesian spatial clustering method.  The F statistics, FIS, FIT, and FST, based 

on HI, HS, and HT, were computed for each locus separately and then averaged over all loci.  

F statistics were estimated over the entire geographic distribution, and within geographic 

regions shown in Fig 3.1.  Regions were defined by the distribution of >2 % pollen at 13, 9, 

and 6 kybp (see chapter 2 for more information).  The Bayesian spatial clustering method 

was implemented in BAPS v.5.2 (Corander et al. 2008).  This method utilizes only biallelic 

genotypic data (so only the microsatellite genetic data were used, and the cpDNA data 
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excluded) and assigns individuals to clusters that have restricted gene flow between them.  In 

addition to the genetic data, this method incorporates spatial information within the prior 

distribution for the clusters (Corander et al. 2008).  It systematically tries a range of numbers 

of clusters (up to 50), and it returns the most probable number of clusters and the cluster 

assignments.  The geographic distributions of the cluster assignments were visualized using 

PhyloGeoViz v.2.4.4 (HHUUhttp://phylogeoviz.orgUUHH) and plotted in Google Earth (Google Inc., 

Mountain View, CA).  Colors were chosen based on the relationships between clusters as 

seen in the cluster phenogram.   

The migration routes of Epifagus virginiana hypothesized in chapter 2 were further 

explored by using the full cpDNA and microsatellite datasets in estimating population 

demographic parameters between geographic regions (Fig 3.1).  Migration rates, effective 

population sizes, and divergence times between regions were estimated using IMa (Hey and 

Nielsen 2007) (see chapter 2 for more information), a Bayesian, coalescent, MCMC method 

that incorporates both migration and isolation in its population divergence model.  

Differences between estimates were statistically quantified by randomly drawing values from 

each distribution, comparing the values, and calculating the average frequency that the value 

drawn from one curve was greater than the other (see chapter 2 for more information).   

 

40B40BLinear models 

To determine which F. grandifolia layer(s) best predicted the parasite’s genetic 

population structure, many spatial autoregressive lag models were compared.  These models 

are enhanced linear regressions that include an additional spatial lag term as an explanatory 

variable, thereby accounting for spatial non-independence in the E. virginiana genetic data 
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layer (Ward and Gleditsch 2008).  Before considering models incorporating multiple host 

data layers, single variable models built around the host time-slices were evaluated for best fit 

of the parasite data.  Only one host time-slice layer would be used in the multivariate 

analyses because of the non-independence of these temporally related layers.  Single variable 

spatial regression models were constructed for each of the 23 fossil pollen layers and then 

competed by their Akaike Information Criterion (AIC) values.  The best layer with smallest 

AIC value was chosen for the multivariate analyses (Wagenmakers and Farrell 2004).  

Multivariate spatial models were then constructed with combinations of one or more of the 

four host data layers: F.avgP, F.age, F.varP, and the best time-slice layer.  Due to issues of 

non-independence, models contained either F.avgP or the best time-slice layer, never both.  

Models without significant regression coefficients were discarded.  To evaluate the remaining 

multivariate models an AIC criterion was also used where Akaike weights represent the 

probability that a model is the best of the set (Wagenmakers and Farrell 2004). 

The processes affecting parasite population structure may have differed in the 

unglaciated and formerly glaciated territories.  To study the possible differences, the 

landscape was divided into southern and northern regions (corresponding to region 13 

versus everywhere else, Fig 3.1).  Linear models were constructed as described above for the 

southern and northern data subsets as well as for the entire range.  

Since linear models rely on assumptions of relationship linearity and 

homoscedasticity, several data transformations were tried to minimize assumption violations.  

Specifically, all data layers were normalized by performing Box-Cox transformations (Box 

and Cox 1964), centering the data, and scaling the data by their standard deviations using the 
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qAnalyst v.0.5.1 R-package (www.quantide.com).  Analyses were performed on both the 

original and transformed datasets.   

41B41BMigration corridor analysis 

 After determining what host variable(s) best predict the parasite’s population 

structure, the best host map(s) were used as “habitat” inputs in a landscape linkage analysis.  

The most likely paths connecting population localities reflect common migration corridors.  

Circuitscape v.3.4.2 (McRae et al. 2008) was used to estimate effective geographic distances 

and paths between populations.  This program’s methodology is similar to least-cost-path 

and other landscape corridor analyses except that it utilizes circuit theory to consider many 

possible paths instead of returning only a single route (McRae et al. 2008).  Results were 

visualized in R using the base graphics R-package (HHUUwww.r-project.org UUHH) and a 0.1 quantile 

color ramp.   

 Ideally, the habitat maps should be associated with resistance costs that are related to 

how difficult or easy it is to move through that habitat type.  Measures of gene flow directly 

relate to the underlying habitat porosity, and studies of isolation by distance suggest that the 

log of the effective geographic distance between populations should be linearly correlated 

with genetic distance (Epps et al. 2007; McRae and Nürnberger 2009).  Effective geographic 

distances were estimated as described above in Circuitscape v.3.4.2 (McRae et al. 2008).  

Genetic distances were estimated using FST or Reynolds’ method through the R-packages 

Geneland v.3.1.4 and Adegenet v.1.2-2 (Guillot et al. 2005; Jombart 2008).  The models were 

then assessed using Mantel tests (Vegan v.1.15-0 R-Package) of the log of effective 

geographic distance versus genetic distance; better habitat models would result in higher 

correlation coefficients between the two distance measures.   
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Habitat cost models were constructed based on the assumption that a threshold host 

density exists where habitats above that threshold are much easier to invade than localities 

below the threshold.  Host density thresholds are common in many disease systems 

(Kermack and McKendrick 1927), though there are no empirical estimates of this value in E. 

virginiana.  Since there were no starting estimates, models were constructed with thresholds 

of 0.23%, 2.85%, and 5.4% F. grandifolia pollen densities which correspond with the 25, 50, 

and 75th quantiles of the pollen distribution.  Following the initial analyses, models were also 

run with 1.77% and 3.8% (the 40 and 60% quantiles) pollen density thresholds.  Grid cells 

above the threshold were assigned resistances equal to the pollen percentage.  Cells below 

the threshold were assigned the pollen percentage multiplied by a weighting factor.  Multiple 

weighting schemes were tried ranging from 0.0001 (low host density cells were 10,000 times 

worse) to 1 (no difference in weights between low and high densities).  Two nonlinear 

models were also considered that were not based on a set pollen threshold.  A logarithm 

model was constructed based on the log of all pollen densities, and an exponential model 

was constructed with resistances based on exponentiation.   

17B17BResults 

42B42BPhylogeographic structure of Epifagus virginiana  

The microsatellite dataset produced 161 unique genotypes, with 69% of genotypes 

occurring only once in the sample set, and the maximum times a genotype was recovered 

was 7.  Each genotype was restricted to a single locality except in 4 cases where they were 

shared between geographically close populations (ex. between 3 localities in AR, between 4 

localities in CT/VT/PA, between 3 localities in GA/KY, and between 3 localities in 
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VT/NH).  The large number of private alleles led to high estimates of FST at all loci (Tab 

3.1), indicating high levels of population differentiation.  Interestingly, only 4 instances of 

heterozygosity were recorded in 3 individuals (1 individual was heterozygous at 2 loci).  This 

was reflected in very high FIS and FIT values (>0.987), meaning almost all variation was 

outside of the individual, and E. virginiana is highly inbred.   

Cluster analyses based on the microsatellite loci identified 20 population partitions as 

the most probable number of clusters in the dataset (p = 0.99931).  The cluster phenogram 

(Fig 3.1) was divided into two geographically distinct clades: a northern one (blues and 

greens) and a southern one (reds and purples) (Fig 3.2 and 3).  This pattern is very similar to 

the geographically structured cpDNA haplotype groups, where the north contained only 

members of the blue haplotype group (see chapter 1).  While the cpDNA showed some 

extension of the predominately northern haplotypes into the south, particularly along the 

Appalachians, the northern microsatellite genotypes are more restricted to near or above the 

ice margin.  The northeast is the center of diversity in the north by containing all the 

northern cluster types, while the midwest only harbors a subset of the northern clusters.  

This confirms the pattern seen in the cpDNA that there’s a migration corridor connecting 

the northeast and midwest (rather than one from south), and is suggestive of an east-to-west 

directionality in gene flow.   

To identify the colonization sources for each of the three geographic regions 

(regions 13, 9, and 6, Fig 3.1), migration rates and divergences times between regions were 

estimated.  By increasing the number of loci from 1 (cpDNA only) to 10 (cpDNA + 

microsatellites), estimates were greatly improved showing smaller credible intervals that 

increased the ability to distinguish the population demographic parameters from different 
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regions (Tab 3.2).  For instance, not only did the analyses confirm that immigration to the 

midwest was higher from the northeast than from the south (P > 0.99, Tab 3.4), the 

midwest’s divergence time from the south was older than from the northeast (P = 0.84) (Tab 

3.3).  These results are consistent with the colonization route suggested by the development 

of host density.  Furthermore, the directionality of migration in the north is answered by the 

migration rate estimates.  Migration from the northeast to the midwest is greater than in the 

opposite direction (P = 0.72, Tab 3.4).   

The genetic diversity statistics of E. virginiana estimated from both microsatellite and 

cpDNA data are largely in agreement with past cpDNA only estimates.  Slightly lower levels 

of FST were found in the northern regions 9 and 6 than in the south (Tab 3.5).  This 

increased genetic differentiation was also seen in the interpolated map of genetic distances 

between localities (EV, Fig 3.4).  The distance map constructed from the full genetic dataset 

was qualitatively similar to the one constructed on only the cpDNA (EV, EV.c, EV.m in Fig 

3.4).  The south contained the highest levels of pairwise differentiation between localities, 

while the north was better connected with smaller genetic distances.  However, the 

microsatellite data identified more areas of high differentiation in the northeast and at 

midlatitudes than the cpDNA (Fig 3.4).  The upper midwest remained undifferentiated in 

both datasets, and low genetic distances connected it with areas slightly to the south in 

Indiana.  The increased genetic differentiation in the south could be due to smaller 

population sizes.  This is supported by estimates of effective population size from the IM 

analyses that show the southern population was much smaller than in the midwest (P > 

0.99), though the northeast was even smaller (P > 0.92).  The large population size in the 
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midwest appears to have grown from a much smaller ancestral population shared with the 

northeast (Tab 3.1) indicating a rapid westerly population expansion.    

43B43BSpatial linear regressions of host variables against parasite genetic distances 

The map layers used in the spatial linear regression analyses are presented in Figure 

3.4.  As described above, all the E. virginiana genetic distances maps were similar to one 

another, showing high levels of differentiation in the south, and low levels in the north (EV, 

EV.c, EV.m, Fig 3.4).  In contrast, the genetic map layer for the host showed high levels of 

differentiation in the midwest and at midlatitudes (F.gen, Fig 3.4).  The host pollen density 

time-slice layers show host pollen first restricted to the south at low density, then expanding 

its range northward with pockets of high density forest in the southeast, then across the 

south (F21-F11, Fig 3.4)  At ~10 kybp, higher host densities occur in the northeast, which 

rapidly expand to cover most of the north (F10-F1, Fig 3.4).  At the most recent time slices, 

host density shrinks overall (F0.5-F0, Fig 3.4).  The colonization age summary pollen layer 

generally follows the description of the time-slice layers; the oldest inhabited region is in the 

southeast, which expanded westward, then jumped to the northeast, with the most recently 

colonized areas at the northern and western boundaries (F.age, Fig 3.4).  The average density 

and variance in density pollen layers show similar patterns of high values in the southwest 

and northeast (F.avgP, F.varP, Fig 3.4).   

The 23 host pollen density time-slice layers (F0-F21, Fig 3.4) were each in turn 

incorporated in a univariate spatial linear model predicting the parasite’s genetic distances 

(EV).  The original and normalized data produced similar results, so only the original data 

analyses are presented here.  Most of the time-slice pollen layers produced models with 

significant coefficients (Fig 3.5, Tab 3.6); however, the directionality of the coefficients was 
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not constant.  In older time-slices (>10 kybp), a positive relationship between pollen density 

and parasite distance was reported, while younger layers had significantly negative values (Fig 

3.5).  In general, though, the younger layers outperformed the older ones in weighted AIC 

values, where models of layers younger than 2 kybp were 91% more probable to be the best 

model than models based on older time-slices (Tab 3.6).  The negative relationships were 

expected based on the results from the cpDNA only analyses (chapter 2) that showed 

increasing levels of parasite genetic distance related to lower average host pollen density.  

The most probable model was based on the 500 ybp time slice (F0.5, wAIC = 0.52), and also 

reflected a highly significant (z < 0.0002) negative relationship with parasite differentiation 

(Tab 3.6).  The 500 ybp time slice was then used in the following multivariate parasite 

models.   

Multivariate models that included the host genetic data were universally poor.  Few 

had significant coefficients, and all models were outcompeted.  This strongly indicates that 

host genetic structure has no influence on parasite patterns.  Four models had significant 

host coefficients: (1) EV ~ F0.5, (2) EV ~ F.age, (3) EV ~ F.avgP, and (4) EV ~ F.avgP + 

F.age (Tab 3.7).  Host density (F0.5 and F.avgP) and host colonization (F.age) coefficients 

were similar across models.  AIC values were also similar, but the model with only F0.5 was 

at least 1.7 times better than the others (Tab 3.7).  Recent patterns in host density appear to 

have dictated parasite range expansion.   

In the southern range, no models had significant host coefficients (Tab 3.7), so the 

null model of no relationship (with only the spatial lag term) could not be rejected.  In the 

north, the pollen based models (F0.5, F.avgP) outcompeted models that included the host 
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genetic data, though only the pollen time-slice model (F0.5) produced a significant regression 

coefficient (Tab 3.7).   

44B44BMigration corridor analysis 

Because the host pollen time-slice layer at 500 ybp (F0.5) best predicted the parasite’s 

genetic distance in the overall range, it was chosen to be the habitat map for the migration 

corridor analyses.  Habitat cost models were constructed as described above by applying 

various thresholds and weighting schemes (Tab 3.8).  The Mantel tests showed that the 

models performed very similarly, and produced correlation coefficients narrowly distributed 

from 0.30 to 0.36.  Both measures of genetic distance, Reynolds and FST, produced similar 

results with the 50 and 60th quantile thresholds generating the best estimates of effective 

geographic distances in each of the weighting schemes.  The best weighting scheme in both 

cases was a factor of 0.30 multiplied to the lower threshold values (Fig 3.6).   

Plots of the migration corridors based on the two best habitat models were very 

similar (Fig 3.7).  High connectivity was found south of the Great Lakes connecting the 

northeast and midwest, and a north-south corridor existed between the upper and lower 

midwest.  Dispersal patterns in the south were generally diffuse with few common corridors.  

An exception is in the southern Appalachians where connectivity along the mountain range 

is high.   

18B18BDiscussion 

45B45BReproductive biology of E. virginiana 

A byproduct of the genetic data collected for this study was the revelation of very 

few heterozygotes of E. virginiana with correspondingly high values of FIS and FIT that 
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indicate this parasite is highly inbred.  This result confirms early studies of the morphology 

and life history of the parasite, which note that the flowers are primarily cleistogamous, some 

plants never emerge above the duff, and that seed set is likely a result of selfing (Schrenk 

1894; Leavitt 1902; Cooke and Schively 1904).  E. virginiana being a selfer greatly reduces the 

complexity of this system and helps explain the clarity and congruence of the multiple 

genetic loci.  Because pollen flow is extremely reduced in this system, all loci reflect primarily 

seed dispersal effects, which is ideal for tracking range expansion.   

46B46BHost density not host range expansion controls parasite range expansion overall 

The parasite’s population genetic structure was heavily influenced by spatial changes 

in host density.  This is seen in the significant relationships between the parasite genetic 

distance map (EV) and multiple map layers based on aspects of host density (e.g. F0.5, F.age, 

F.avgP; Tab 3.7).  The most influential time period on the genetics of E. virginiana was very 

recent, at 500 ybp (F0.5, Tab 3.6).  This suggests that the parasite is highly sensitive to host 

density changes and was able to react in a short amount of time.  On the other hand, 

because many of the recent host density time-slice layers are very similar (Fig 3.4), the overall 

genetic patterns may have been established earlier, though still amenable to small changes.  

For instance, host density layers as early as 7 kybp show marginally significant negative 

relationships to the genetic structure of the parasite (Tab 3.6, Fig 3.5).  Fluctuations in host 

density did not have as large an effect as host density itself, as seen in the better fit of models 

with F0.5 than F.varP.   

While the parasite map layer was correlated with many of the host density related 

layers, no relationship was found between the parasite and host genetic layers.  None of the 

models produced significant regression coefficients between them.  This indicates that the 



 67

migration history of F. grandifolia, which produced the genetic geospatial patterns, was very 

different from the migration routes taken by the parasite.  This result combined with the 

parasite’s dependency on host density suggests that it significantly lagged behind the 

migration front of the host.  From the pollen data, the initial range expansion of the host 

proceeded at low densities (Bennett 1985; Williams et al. 2004).  If the parasite dispersed 

more slowly than the host, migration corridors of the host into new areas would not have 

been accessible regardless of host density there.  By the time the parasite was capable of 

utilizing the host’s migration corridor, the host would have colonized large parts of the 

landscape, perhaps with different host densities, making available alternate migration routes 

to the parasite.   

47B47BNo host variables relate to parasite population structure in the south 

From the overall and northern linear models, the parasite is sensitive to host density 

variation as it expands its range.  However, in the south this pattern has been erased, perhaps 

due to proximity to many potential source refuges clouding the pattern, or due to the more 

stable environment of the south.  The southern range has remained unglaciated over the past 

120,000 years (Dyke et al. 2003), so parasite patterns there could be complex and the result 

of multiple glacial/interglacial cycles.  In contrast, the northern distribution was glaciated 18 

kybp (Dyke et al. 2003), so northern populations are new arrivals and have a shorter and 

more interpretable colonization history.  In support of this, only the most recent host pollen 

time-slice layers had a significant negative relationship with the parasite (Tab 3.6).  The 

southern parasite patterns represent many accumulated patterns over a much longer time 

period that overlay and obscure relationships to the host’s biology and history.   
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48B48BLocation and directionality of migration corridors of E. virginiana 

The major migration corridor for E. virginiana connects the northeast and midwest 

near the southern border of the Great Lakes (Fig 3.7).  This route is primarily a westward 

one, as indicated by higher migration rates from east to west (Tab 3.2).  Interestingly, a path 

cutting between lakes Ontario and Erie is less well traveled than this more southerly route, 

which provides a hypothesis to test in future studies of migration corridors near the Great 

Lakes.  Studies in other systems, such as the herb Boechera and butterfly Lycaeides have 

documented northern refuges in this area (Nice et al. 2005; Kiefer et al. 2009).    

Another migration corridor is seen connecting the southern and northern parts of 

the midwest (Fig 3.7).  While the estimates of migration rates indicate low levels of migrants 

between the south and midwest in both directions (Tab 3.2), this area in Indiana and 

northern Kentucky may represent a suture zone between the north and south.  Slight 

northward dispersal is evident here in the geographic distributions of several southern 

haplotypes and genotypes that extend across the ice margin into this area (Fig 3.3).  In 

parallel, the northern haplotypes and genotypes that dominate here likely were the result of 

southward dispersal into this area.   

A migration corridor was also identified in the southern Appalachians.  This suggests 

that relatively high elevation was not a boundary for parasite gene flow.  This mirrors the 

topographic distribution of the host.  In the south, F. grandifolia is commonly found at 

relatively higher elevations (Fowells 1965), so mountain ranges are not expected to serve as 

genetic barriers.   
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19B19BConclusions and future directions 

Recent spatial patterns in host density best predict E. virginiana’s population structure 

over other host variables such as host migration routes, average host density, variance in 

host density, and host arrival date.  These broad patterns held true in the northern part of 

the range, but in the south no host variables could predict the parasite’s patterns, perhaps 

resulting from complex glacial processes older than the 21 kybp considered in the study.  

The parasite’s population differentiation was highest in the south corresponding with small 

effective population sizes and low host densities.  Migration proceeded first from the south 

to the northeast and then followed an east-west corridor into the midwest.  

While the relationship between parasite and host distributions is now better 

understood, there is still a missing connection between a parasite’s range and changes in 

climate.  Ecological niche models could be produced and extrapolated back in time to more 

fully explore the lag time between habitat availability, host movements, and parasite 

colonization.  The spatial linear model framework for phylogeography is flexible and an 

additional habitat availability variable could be incorporated.  This approach could give more 

meaningful estimates of migration capacity.  Also, the predictions of a threshold host density 

limiting E. virginiana’s establishment should be further investigated at different spatial scales.  

Parasite germination likely requires exudates from the growing tip of a host root (Williams 

and Zuck 1986), and the parasite must establish physical contact with a host root soon after 

germination for survival (Musselman and Press 1995). Based on these requirements, it is 

expected that a certain host root mass (and thus host density) is necessary to ensure a high 

probability of yearly reinfection by this annual parasite. By enumerating the threshold host 
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population density the amount of establishment limitation in the system could be directly 

estimated.  

The highly structured populations of E. virginiana suggest that the parasite could be 

locally adapted to its host.  Coevolutionary theory predicts parasite local adaptation in cases 

where its gene flow is restricted relative to the host’s (Price 1980; Thompson 1994).  

Conversely, if the parasite’s gene flow is much greater than its host’s, locally adapted 

genotypes are expected to be inundated with genotypes from the rest of the range, so local 

adaptation is not expected.  From the broad scale information on the genetic diversity of E. 

virginiana and F. grandifolia genetically distinct populations can be selected for local adaptation 

experiments.   

Understanding what controls the spread of parasites is especially relevant today 

considering that future climate change may force plants to move at their full migration 

capacities (Davis and Zabinski 1992). The results of this study are especially applicable 

because the F. grandifolia community is predicted to be greatly affected by climate 

change(Iverson and Prasad 2002). In addition to this specific application, the E. virginiana/F. 

grandifolia system brings understanding to the general situation of associated species 

colonizing new environments. How the range of a species changes relative to that of a close 

associate is central to understanding the cohesiveness of communities and how larger 

assemblages of organisms move.  
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Table 3.1:  Epifagus virginiana genetic data and global diversity statistics by locus. 

Data type Locus Size (bp) # alleles HI HS HT FIS FIT FST 

microsat MS10 177-187 5 0 0.251 0.518 1 1 0.516 

microsat MS34 218-259 17 0.003 0.389 0.848 0.993 0.997 0.542 

microsat MS43 221-303 27 0 0.449 0.925 1 1 0.514 

microsat MS53 113-136 14 0 0.395 0.825 1 1 0.521 

microsat MS76 173-182 6 0 0.282 0.462 1 1 0.390 

microsat MS92 345-362 3 0 0.244 0.418 1 1 0.416 

microsat MS105 143-161 8 0.003 0.290 0.703 0.991 0.996 0.587 

microsat MS130A 260-266 4 0.004 0.336 0.702 0.987 0.994 0.520 

microsat MS135 164-184 4 0 0.156 0.193 1 1 0.191 

cpDNA rbcL + clpP1 1016 40 NA 0.297 0.852 NA NA 0.652 

Average    0.001 0.309 0.645 0.997 0.998 0.521 
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Table 3.2:  Population demographic parameters relating to geographic regions of Epifagus virginiana.  
Regions are defined in Fig 3.1 and in text.  θ1, θ2, and θA refer to the effective population sizes of region 1, region 2, and the ancestral 
population respectively.  m2->1 and m1->2 are the migration rates from region 2 to region 1 and from region 1 to region 2 respectively.  
t is the divergence time between the regions.  The 95% credible interval is given below each estimate.   

region1 region2 θ1 θ2 θA m2->1 m1->2 t 
0.73 0.25 9.76 0.59 5.05 0.06 13 

 
9 

(0.2-1.7) (0.08-0.59) (4.95-26.72) (0.11-5.90) (0.62-13.75) (0.02-0.37) 
1.94 12.93 5.04 1.03 0.04 0.36 13 

 
6 
 (1.27-3.02) (10.03-21.15) (3.42-21.15) (0.38-2.23) (0.01-2.02) (0.30-3.90) 

0.42 239.49 8.59 6.34 8.17 0.28 9 6 
 (0.08-0.59) (47.80-236.38) (5.39-46.12) (3.11-11.20) (6.28-11.63) (0.18-1.28) 

Table 3.3:  Probabilities that a divergence time between regions of Epifagus virginiana is greater than 
another.  Each value is the probability that the divergence time of the row heading is greater than that of the column.  Probabilities 
were estimated by randomly sampling and comparing posterior distributions of estimates shown in Tab 3.2.  Regions used in 
comparisons are as defined in Fig 3.1 and in text.   

 13 vs 9 13 vs 6 9 vs 6 

13 vs 9 0.00 0.01 0.04 

13 vs 6 0.99 0.00 0.84 

9 vs 6 0.96 0.16 0.00 
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Table 3.4:  Probabilities that a migration rate from one region of Epifagus 
virginiana is greater than another.  Each value is the probability that the migration 
rate of the row heading is greater than that of the column.  Headings refer to migration rates 
from a region into another.  Regions used in comparisons are as defined in Fig 3.1 and in 
text.  Probabilities were estimated by randomly sampling and comparing posterior 
distributions of estimates shown in Tab 3.2.   

 9->13 6->13 13->9 6->9 13->6 9->6 

9->13 0.00 0.53 0.10 0.03 0.86 0.01 

6->13 0.46 0.00 0.06 0.00 0.89 0.00 

13->9 0.90 0.94 0.00 0.47 0.98 0.28 

6->9 0.97 1.00 0.56 0.00 1.00 0.18 

13->6 0.15 0.11 0.02 0.00 0.00 0.00 

9->6 0.99 1.00 0.72 0.81 1.00 0.00 

Table 3.5:  Genetic diversity statistics for different geographic regions of 
Epifagus virginiana.  For regional definitions see Fig 3.1. 

Region HI HS HT FIS FIT FST 

13 0.000 0.277 0.603 1.000 1.000 0.540 

6 0.001 0.360 0.640 0.997 0.998 0.437 

9 0.003 0.265 0.519 0.989 0.994 0.489 

Entire 0.001 0.309 0.645 0.997 0.998 0.521 
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Table 3.6:  Univariate host pollen density time-slice models predicting 
genetic distances of Epifagus virginiana.  Coefficients and their corresponding Z-
values refer to host data layer coefficients, while ρ is the spatial lag coefficient.  All values of 
ρ were significant (p < 0.01), and spatial lag models were significantly superior to standard 
models with no spatial components.  The remaining residuals in any of the models were not 
spatially correlated as indicated by Lagrange multipliers.  AIC, ΔAIC and weighted AIC 
values are reported following Wagenmakers and Farell (2004).  The three models with >0.10 
in probability are in bold; the best model, F0.5, is highlighted in red. 

Time Slice Intercept Coef Z-value ρ AIC ΔAIC wAIC 

F00 0.04281 -0.00189 0.002 0.949 -5355.3 5.1 0.04 

F0.5 0.04669 -0.00109 0.000 0.945 -5360.4 0.0 0.52 
F01 0.04536 -0.00083 0.000 0.946 -5358.6 1.7 0.22 
F02 0.04518 -0.00073 0.001 0.946 -5357.8 2.6 0.14 
F03 0.04173 -0.00062 0.003 0.950 -5354.9 5.4 0.03 

F04 0.03783 -0.00048 0.019 0.954 -5351.7 8.7 0.01 

F05 0.03715 -0.00044 0.024 0.955 -5351.2 9.1 0.01 

F06 0.03628 -0.00047 0.029 0.956 -5350.9 9.5 0.00 

F07 0.03434 -0.00044 0.090 0.958 -5349.0 11.4 0.00 

F08 0.03324 -0.00060 0.204 0.959 -5347.7 12.6 0.00 

F09 0.03048 0.00001 0.993 0.961 -5346.1 14.3 0.00 

F10 0.03339 0.00207 0.041 0.956 -5350.3 10.1 0.00 

F11 0.03402 0.00103 0.037 0.955 -5350.5 9.9 0.00 

F12 0.03479 0.00034 0.031 0.955 -5350.8 9.6 0.00 

F13 0.03246 0.00015 0.183 0.958 -5347.9 12.5 0.00 

F14 0.03417 0.00055 0.047 0.955 -5350.1 10.3 0.00 

F15 0.03489 0.00170 0.012 0.954 -5352.5 7.9 0.01 

F16 0.03258 0.00337 0.064 0.958 -5349.6 10.8 0.00 

F17 0.03135 0.00659 0.188 0.960 -5347.9 12.5 0.00 

F18 0.03027 -0.00300 0.804 0.962 -5346.2 14.2 0.00 

F19 0.03288 0.03297 0.074 0.957 -5349.3 11.1 0.00 

F20 0.03067 0.00379 0.743 0.961 -5346.2 14.1 0.00 

F21 0.03066 0.00844 0.813 0.961 -5346.2 14.2 0.00 
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Table 3.7:  Best spatial regression models of host variables on Epifagus virginiana genetic distances.  Models were 
based on regional subsets of the data as defined in Fig 3.1, or on the complete dataset.  Fagus grandifolia data layers are from Fig 3.4, and the 
“Null” model refers to a model with only the spatial lag explanatory variable (EV ~ 1).  Column headings are explained in Tab 3.6.  Best 
models in each category are highlighted in red.  Only models with marginally significant or significant regression coefficients are presented 
except in the case of the southern models.  For the south, the best 3 (and the null) models are shown.   

Region Model (EV ~) Intercept Coef Z-value ρ AIC ΔAIC wAIC 

1 (Null) 0.05048 NA NA 0.940 -2260.5 1.1 0.18 

F.age 0.06784 -0.00136 0.113 0.942 -2261.0 0.6 0.24 

-0.00178 0.047 F.age + F.gen 0.07443 
0.00601 0.104 

0.938 -2261.7 0.0 0.32 

-0.00712 0.217 

-0.00166 0.064 

South 

F0.5 + F.age + F.gen 0.07590 

0.00884 0.042 

0.935 -2261.2 0.5 0.26 

F0.5 0.05031 -0.00088 0.047 0.939 -3035.8 0.0 0.65 North 

F.avgP 0.04885 -0.00118 0.099 0.939 -3034.6 1.2 0.35 

F0.5 0.04669 -0.00109 0.000 0.945 -5360.4 0.0 0.59 
F.age 0.03417 0.00061 0.002 0.949 -5355.9 4.5 0.06 

F.avgP 0.03670 -0.00103 0.034 0.957 -5350.6 9.8 0.00 

-0.00116 0.020 

Total 

F.avgP + F.age 0.04195 

0.00065 0.001 

0.943 -5359.3 1.1 0.35 
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Table 3.8:  Performance of habitat cost models based on Fagus grandifolia 
pollen densities at 500 ybp.  Threshold values relate to the 25, 40, 50, 60, and 75th 
percentiles of the pollen density distribution, and weights were multiplied to densities lower 
than the set threshold to obtain habitat costs.  The resulting log of effective geographic 
distances between populations were compared with two separate genetic distance 
calculations (Reynolds’ and FST).  Resulting Mantel statistics (Mantel) are reported here.  All 
correlations are significantly nonzero.  Best two models from the Reynolds’ and FST analyses 
are in red.   

Threshold quantile Threshold pollen % Weight Mantel (Rey) Mantel (FST) 

25 0.23 1.0000 0.329 0.327 

25 0.23 0.1000 0.334 0.338 

25 0.23 0.0100 0.335 0.340 

25 0.23 0.0100 0.335 0.340 

25 0.23 0.0010 0.334 0.341 

25 0.23 0.0001 0.332 0.340 

40 1.77 0.0900 0.351 0.341 

40 1.77 0.0700 0.351 0.340 

40 1.77 0.0500 0.352 0.340 

40 1.77 0.0300 0.352 0.339 

40 1.77 0.0100 0.352 0.337 

40 1.77 0.0100 0.352 0.337 

50 2.85 1.0000 0.329 0.327 

50 2.85 0.1000 0.351 0.343 

50 2.85 0.0900 0.352 0.344 

50 2.85 0.0700 0.352 0.344 

50 2.85 0.0500 0.353 0.344 

50 2.85 0.0300 0.354 0.345 
50 2.85 0.0100 0.354 0.344 

50 2.85 0.0100 0.354 0.344 

50 2.85 0.0010 0.353 0.341 

50 2.85 0.0001 0.350 0.338 

60 3.81 0.0900 0.353 0.343 

60 3.81 0.0700 0.354 0.343 

60 3.81 0.0500 0.355 0.343 

60 3.81 0.0300 0.356 0.342 
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60 3.81 0.0100 0.355 0.339 

60 3.81 0.0100 0.355 0.339 

75 5.39 1.0000 0.329 0.327 

75 5.39 0.1000 0.337 0.327 

75 5.39 0.0100 0.327 0.310 

75 5.39 0.0100 0.327 0.310 

75 5.39 0.0010 0.314 0.293 

75 5.39 0.0001 0.303 0.279 

NA NA exponential 0.350 0.334 

NA NA logarithmic 0.305 0.305 

Table 3.8, continued.   
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Figure 3.1:  Regional definitions used in the study of the population 
structure of Epifagus virginiana.  Regions were defined by the geographic 
distributions of >2% host pollen at 13, 9, and 6 kybp.   
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Figure 3.2:  Cluster phenogram of Epifagus virginiana genotypes from 9 
microsatellite loci.  Population assignments were made using a spatial Bayesian 
clustering methodology in BAPS (Corander et al. 2008).  Colors were chosen based on the 
relationships in the dendrogram.  Cluster C9 (black) was only found in the Mexican 
population, and not included in any further analyses. 
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Figure 3.3:  Geographic distribution of Epifagus virginiana microsatellite 
clusters.  Colors correspond to clusters in Fig 3.2.   
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Figure 3.4:  Data layers used in the spatial linear models of the relationship 
between Epifagus virginiana and different aspects of its host, Fagus 
grandifolia, biology.  Data layers of genetic distances (row 1): The response variable, E. 
virginiana, based on the full dataset (EV), only the cpDNA (EV.c), only the microsatellite data 
(EV.m), and an explanatory variable of host genetic distance based on cpDNA (F.gen).  
Host pollen time-slices (rows 2-7): Host pollen layers from the present (F0), 500 ybp (F0.5), 
then in 1000 year increments to 21 kybp (F1-F21).  Pollen summary layers (row 8): 
colonization age (F.age), average pollen density (F.avgP), and variance in pollen density 
through time (F.varP).  All maps are shown in terrain colors where cooler greens represent 
smaller values and warmer pinks and whites correspond to high values.   
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Figure 3.4: Data layers used in the spatial linear models of the relationship 
between Epifagus virginiana and different aspects of its host, Fagus 
grandifolia, biology.   



 83

 

Figure 3.5:  Changes through time in regression coefficients of Fagus 
grandifolia pollen layers in linear models predicting genetic distances of 
Epifagus virginiana.  Results are shown from spatial linear models of untransformed, 
original data.  Significant coefficients are circled, and the graph proceeds from the oldest 
time-slice (F21) to the present (F0).  The dotted line is at zero for reference.   
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Figure 3.6: Performance of various Fagus grandifolia habitat cost models 
measured by Mantel test correlation coefficients.  Mantel tests compared the log 
of the resulting effective geographic distances versus the (A) Reynolds’ distances or (B) FST’s 
between populations of Epifagus virginiana.  Lines connect models of the same threshold 
value with differing weighting schemes along the x-axis.  Dotted horizontal lines correspond 
with the exponential and logarithmic weight models.   

A 

B 
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Figure 3.7:  Migration corridors of Epifagus virginiana based on the best 
habitat cost models of Fagus grandifolia pollen densities at 500 ybp.  (A) 
Cost model based on a 3.81% pollen threshold (60th quantile) and 0.03 weighting scheme 
indicated as the best model when tested against the parasite’s Reynolds’ genetic distances.  
(B) Cost model based on a 2.85% pollen threshold (50th quantile) and 0.03 weighting scheme 
indicated as the best model when tested against the parasite’s pairwise FSTs.  Triangles are E. 
virginiana collection localities.  Black and red triangle colors distinguish the northern (regions 
9 & 6) and southern (region 13) ranges (see Fig 3.1 for region definitions).   

A 

B 
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