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Evaluating the adaptive genomic landscape of remnant and backcross

American chestnut populations to inform germplasm conservation

Alexander M. Sandercock

(ABSTRACT)

The American chestnut tree (Castanea dentata) is a deciduous tree that largely exists in the
eastern United States along the Appalachian Mountain range. Approximately 100 years ago,
a fungal pathogen (Cryphonectria parasitica) decimated chestnut populations, resulting in
the loss of billions of trees. Disease-resistant American chestnut populations have been devel-
oped, but the introgression of wild adaptive diversity into these breeding populations will be
necessary to develop locally adapted and disease resistant chestnut trees for reintroduction.
In this dissertation, I presented our findings which addressed previous gaps in knowledge re-
garding the population genomics of wild and backcross American chestnut populations. T 1)
estimated the genomic diversity, population structure, and demographic history of remnant
wild American chestnut populations; 2) revealed the genomic basis of local climate adap-
tation in American chestnut, developed a novel method to make tree sampling estimates
for germplasm conservation, and defined unique seed zones for American chestnut based on
climate and genotype, and 3) determined the amount of wild adaptive diversity captured
by the backcross breeding program and made recommendations for their replanting region.
These results will inform the development of a breeding plan for the introgression of adaptive

diversity into backcross and transgenic chestnut populations.



Evaluating the adaptive genomic landscape of remnant and backcross

American chestnut populations to inform germplasm conservation

Alexander M. Sandercock

(GENERAL AUDIENCE ABSTRACT)

The American chestnut tree (Castanea dentata) is a deciduous tree that largely exists in the
eastern United States along the Appalachian Mountain range. Approximately 100 years, a
fungal disease (Cryphonectria parasitica) decimated chestnut populations, resulting in the
loss of billions of trees. The American Chestnut Foundation developed disease-resistant
American chestnut backcross trees by breeding American chestnut trees with Chinese chest-
nut trees (Castanea mollissima). These trees will need additional breeding with wild Amer-
ican chestnut trees so that their offspring will have both the disease-resistant traits and the
adaptations to the local environment where they will be replanted. This is important, be-
cause trees that are both disease-resistant and locally adapted will be most likely to survive
and thrive in their replanting location. However, a comprehensive evaluation of the genomic
basis for local adaptation in American chestnut populations is lacking. In this dissertation,
I presented our findings which addressed previous gaps in knowledge regarding the popu-
lation genomics of wild and backcross American chestnut populations. I 1) estimated the
genomic diversity, number of unique populations, and population size changes over time
in wild American chestnut; 2) revealed the genes related to local adaptation in American
chestnut, developed a novel method to make tree sampling estimates for conserving wild
American chestnut diversity, and defined unique seed zones (areas within the species range
that have unique adaptations to environment) for American chestnut based on climate (ie,

precipitation and temperature values) and genotype (DNA), and 3) determined the amount



of wild genomic diversity related to local adaption captured by the backcross breeding pro-
gram and made recommendations for their replanting region. These results will inform the
development of a breeding plan of wild American chestnut with backcross and transgenic
chestnut populations to create locally adapted and disease-resistant chestnut populations for

reintroduction.
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Chapter 1

Introduction

The American chestnut (Castanea dentata) is a deciduous tree that is native to the eastern
half of the United States, extending from Mississippi to Maine and into Ontario, Canada
[100, 122]. The tree was omnipresent in American forests and served as an important eco-
nomic and ecological resource [59, 72, 111]. Approximately 100 years ago, a fungal blight
(Cryphonectria parasitica) decimated the American chestnut populations with the intro-
duction of Chinese (Castanea mollissima) and Japanese (Castanea crenata) chestnut trees.
However, the chestnut blight leaves the root systems of the trees intact. >400 million Ameri-
can chestnuts remain as collar sprouts that survive for several years before being killed again
by the blight [86, 109, 116]. Since most of these shoots rarely reach reproductive age, the

American chestnut is considered functionally extinct.

To combat the blight, researchers developed blight-resistant chestnut trees. There have
been two main methods to accomplish this goal thus far. The first method was from The
American Chestnut Foundation (TACF) to backcross American chestnut trees with blight-
resistant Chinese chestnut trees [115]. Backcrossing is the process of initially mating an
American chestnut tree with a Chinese chestnut tree, and then repeatedly “backcrossing” the
subsequent offspring by mating them with American chestnut trees. This method generated
trees that were 15/16 American chestnut tree and retained the Chinese chestnut blight
resistance. The second method developed a transgenic American chestnut tree by inserting

the wheat oxalate oxidase (OxQO) gene into the American chestnut genome - allowing for



2 CHAPTER 1. INTRODUCTION

a disease-resistant tree that maintains almost all of the American chestnut genome, while
obtaining blight resistance that is comparable to that of Chinese chestnut [81, 93, 132]. Trees
from both methods may be integrated into a breeding program to ensure the population’s

genetic diversity is maintained while introducing the blight-resistant traits [126, 127].

American chestnut exhibit adaptation to their local climate, particularly to temperature vari-
ation [101, 102, 107]. Traditional methods of evaluating climate adaptations used common
garden experiments, however, due to the low prevalence of natural reproduction, it is difficult
to obtain enough wild seed that sufficiently captures the geographic and climatic variation
throughout the native range. While breeding and planting trees that are locally adapted
to a given area provides that tree with the best chance to reach reproductive maturity, a
comprehensive assessment of adaptive diversity in wild American chestnut is lacking, and it
is unknown how much wild adaptive diversity has been captured by the backcross breeding
program. Identifying which loci are related to specific environmental variables can aid in
breeding efforts for C. dentata so introduced trees will be adapted to their local climate.
Thus, accounting for these local adaptations and maintaining high levels of genetic diversity
will provide American chestnut restoration populations with an increased chance to survive

the impacts of climate change [8, 65, 97].

Climate change will continue to impact the environmental conditions throughout the Amer-
ican chestnut natural range, altering the boundaries of the habitable landscape. The Amer-
ican chestnut was slow to migrate [34] and will not be able to avoid the negative effects of
climate change [4, 5], so capturing wild adaptive diversity in the form of germplasm conser-
vation orchards is essential to aid in restoration programs. Seed zones are regions within
a species range that provide geographical boundaries for unique adaptations to the local
climate. Seed zones can be used as a reference for replanting recommendations and regions

for the conservation of locally adapted germplasm. Previous assessments of climate-adapted



regions within the American chestnut range suggested >10 different seed zones exist, but
were not specific to the American chestnut and did not include genomic information in their
development [19, 90]. In addition, a standardized method for making sampling recommen-

dations to capture genomic diversity from seed zones does not exist.

To address these knowledge gaps in wild and backcross American chestnut populations, this
dissertation resolved the questions regarding the neutral and adaptive genomic diversity of
wild American chestnut populations. In addition, the adaptive genomic diversity captured
within the backcross breeding program was evaluated and sampling recommendations for
germplasm conservation of wild adaptive diversity for the development of breeding plans
with backcross trees were made. Chapter 2 explored the population structure, neutral ge-
nomic diversity, and demographic history of wild American chestnut populations. Chapter 3
examined the genomic basis of local adaptation to climate in wild American chestnut, iden-
tified unique seed zones for chestnut conservation, and made sampling recommendations to
capture wild adaptive diversity from each seed zone for germplasm conservation. Chapter
4 evaluated the adaptive genomic diversity captured within the backcross breeding program
and provided estimates of candidate regions for replanting locally adapted backcross chest-
nut trees. Lastly, Chapter 5 concluded the dissertation by summarizing the key findings of

Chapters 2-4 and making recommendations for future study directions.



Chapter 2

Frozen in time: Rangewide genomic
diversity, structure, and demographic
history of relict American chestnut

populations

2.1 Introduction

Exotic pests and pathogens are among the greatest threats to forest health worldwide [45].
In the United States, >300 non-native forest pests have become established since 1860, of
which approximately 100 have been classified as high impact [11]. These include such fungal
pathogens as Ophiostoma, Phytophthora, and Cryphonectria, which have lead to catastrophic
losses of Ulmus, Quercus, and Castanea species, respectively. As a result, an intense effort
to develop disease-resistant forest tree varieties is currently being conducted. However,
development of disease resistant forest tree varieties for species restoration is a fundamentally
different problem than breeding for resistance to crop pathogens - requiring accounting for

natural adaptive diversity matching to local abiotic and biotic environments.

Introduction of the necrotrophic fungus Cryphonectria parasitica to North America from

4
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Asia in 1904, and its subsequent spread, functionally extirpated American chestnut (Cas-
tanea dentata (Marsh.) Borkh) by the middle of the century. The loss of American chestnut
was significant from ecological, economic, and societal perspectives. Pre-blight C. den-
tata was a canopy tree reaching 18 - 36 meters in height and 1 - 1.5 meters in diameter
at maturity, and was widespread in forests of the eastern United States and southeast-
ern Canada [23, 39, 100, 122]. The chestnut’s rapid growth, coupled with decay resistant
wood, made it the most valuable hardwood species in the United States [59, 111], while
its prodigious and reliable nut crop was an important source of food and feed [72]. Den-
sity estimates prior to the introduction of C. parasitica suggest that 2-4 billion trees were
killed (https://www.fao.org/3/x5348¢/x5348¢02.htm), which reduced the carrying capacity
of Appalachian forests for wildlife that relied on the consistent and prodigious nut crop [40].
However, as a bark pathogen that only infects above ground tree parts, >400 million Amer-
ican chestnuts survive as collar sprouts from uninfected roots [86, 109, 116]. Although some
of these re-sprouts are able to flower, viable seed is rare due to a lack of conspecific pollen.
This lack of reproduction, and concomitant negligible adaptive capacity, has led to Ameri-
can chestnut being identified as one of the 25 most vulnerable tree species to environmental

change [92].

Two approaches to developing blight resistant chestnuts are currently in progress. First, The
American Chestnut Foundation (TACF) has developed segregating populations by hybridiz-
ing Chinese chestnut (Castanea mollissima), which is resistant to the blight, with American
chestnut, followed by repeated backcrossing to American chestnut using pollen from rare,
flowering, wild trees [115]. Second, genetically modified trees have been developed that ex-
press a wheat oxalate oxidase (OxQ) transgene, which confers blight resistance comparable
to that of Chinese chestnut [81, 93, 132]. These methods are also being combined to develop

trees that have stacked resistance loci [126, 127]. Prior to their widespread use as restora-
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tion tools, however, we need a better understanding of the extent to which natural adaptive
diversity has been captured in the backcross populations, and the transgenic founder lines
will need to be crossed with wild germplasm to produce diverse, locally adapted reforestation

populations.

The American chestnut range, like those of other eastern North American hardwoods, con-
tracted during the Wisconsin glaciation [112, 134], and postglacial recolonization bottlenecks
may have impacted contemporary genetic diversity [55, 78]. Additionally, geographic bar-
riers to gene flow, such as the Appalachian Mountain range, could have shaped postglacial
migration routes and contemporary population structure. Rangewide genomic diversity in
this species has likely also been shaped by local adaptation —a common garden study using
rare, wild seed found that genotypes from warmer and moderate climates grew faster but
had greater winter injury than northern seed sources [102], which is consistent with many
other temperate and boreal forest tree species [105]. Genetic diversity in chestnut is thus
likely to be unevenly distributed across multiple genetic clusters that are influenced by past

demographic and climatic events [56, 62].

Successful restoration of the American chestnut will rely on an understanding of this extant
genomic diversity in the wild [54], which can be leveraged to increase effective population
size and adaptability of blight-resistant populations through targeted breeding efforts [128].
The first step in this process is to define broad management units on the basis of population
structure and postglacial history for the species [48], which will inform prioritization of
geographic areas for ex situ propagation and conservation of wild trees that can be used to

introgress natural genetic variation into blight resistant populations.

Previous population genetic studies used microsatellite and restriction site-associated DNA
sequencing (RAD-seq) to characterize population structure and genetic diversity of American

chestnut [49, 66, 80, 113]. These studies suggest the southern portions of the chestnut
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range are the most genetically diverse and that two populations exist, with either a distinct
northeastern population [49, 80] or a distinct southern population [113]. Furthermore, they
suggest migration from a southern refugium following the last glacial maximum [49, 113].
While these studies provide our first glimpse of the extant patterns of genetic diversity in
chestnut, they were limited by relatively low sampling density and incomplete coverage of the
historical species range, as well as by relatively low-density genotyping methods that lack
power to comprehensively characterize genome-wide diversity and signatures of selection
[71, 119]. Additionally, modern demographic inference tools that approximate the ancestral
recombination graph require high density genotyping that can only be achieved with whole-

genome resequencing (WGS).

In this study, we leveraged a recently completed chromosome-scale reference genome for
American chestnut (https://phytozome-next.jgi.doe.gov/info/Cdentata_v1 1) and ~17X
WGS data for each of 384 American chestnut genotypes, sampled from across the entire
historical species range, to (i) estimate population structure; (ii) describe demographic his-
tory and contemporary barriers to gene flow; (iii) evaluate genomic diversity across the
genome and among populations; (iv) and identify signatures of selection. Results of this
study will be used to identify management units for germplasm conservation, and will aid

in the overall efforts to restore American chestnut to forests of eastern North America.

2.2 Methods

2.2.1 Leaf sample collection

TACF staff and volunteers sampled leaves from =1000 geo-referenced American chestnut

genotypes from throughout the species range. Remnant American chestnut re-sprouts and
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seedlings were identified by leaf and twig morphology (A.1;[88]). The youngest leaves were
sampled from each tree in May through July over three growing seasons (2018 — 2020).
During and immediately after collection, leaves were kept cool with ice and refrigeration
or were desiccated and stored with silica gel. Leaves were shipped to Virginia Tech within
3 weeks of collection and stored at -80°C. The original coordinates of the sampled orchard
trees were retrieved from TACF’s dentataBase (www.acf.herokuapp.com) and TreeSnap ([30];
https://treesnap.org/), and the coordinates of field sampled trees were obtained using GPS

units.

2.2.2 DNA isolation and sequencing

We selected 384 genotypes for WGS (3.1) on the basis of geography, with the goal of including
as much of the historical range as possible. Leaves were ground using a Spex 2000 Geno/-
Grinder and ceramic beads with three 45 second intervals of grinding interspersed by submer-
sion in liquid nitrogen. DNA was extracted with Qiagen’s DNAeasy Plant DNA extraction
kit. For samples 1-96, a modified phenol-chloroform cleanup step, adapted from the OPS Di-
agnostics CTAB protocol for plants (https://opsdiagnostics.com/notes/protocols/ctab_ protocol for_plan
was performed to remove organic contaminants from older leaves. Due to difficulty in extract-
ing enough DNA necessary for sequencing, we modified the Qiagen extraction protocol for the
remaining leaf samples. For samples 97 through 384, an additional 100% ethanol wash step
was performed to remove organic contaminants that carried over from the previous steps and
to dry the spin column membrane. DNA quality and concentration were measured by a Nan-
odrop One® and Qubit 3.0 Fluorometer, respectively. When DNA concentration was low, a
secondary CTAB-based extraction using the OPS Diagnostics CTAB protocol for plants was
used (https://opsdiagnostics.com /notes/protocols/ctab_ protocol for_plants.htm#phenolpr).

DNA was stored in a 100-200 pl AE solution in a -20°C freezer. PCR-free library preparation
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Figure 2.1: Range map of the North American Castanea species and the locations of the
selected American chestnut and chinquapin trees.
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and sequencing were conducted at the HudsonAlpha Institute for Biotechnology. Libraries
were sequenced in batches of 48 on an Illumina NovaSeq 6000 instrument in 2x150bp paired-
end mode with a target depth of 20x. The number of lanes to use for sequencing was
determined after DNA quality and quantity checks were performed during library prepara-
tion. To achieve the desired mean coverage, three lanes were used for samples 1-96, one lane

for samples 97-192, and two lanes for samples 193-384.

We also performed WGS on a set of 95 Castanea samples that included representatives from
most Castanea species to validate the ancestry of our putative wild C. dentata samples. This
was important, because C. dentata is sympatric with C. pumila var. pumila and C. pumila
var. alabamensis, and several introduced species, including C. mollissima, C. crenata, and C.
sativa. This 'reference’ panel included 19 C. sativa, 15 C. pumila var. pumila, 10 C. pumila
var. ozarkensis, six C. pumila var. alabamensis, four C. dentata, one C. sequinii, two C.
henryi, 18 C. crenata, and 20 C. mollissima. Leaf samples from C. mollissima and C. crenata
were collected from trees planted in the United States; genomic DNA for C. sativa was pro-
vided by Dr. R. Costa from trees growing in Portugal; and C. pumila samples were collected
from wild trees in the United States. DNA was extracted as above. Libraries were prepared
with an [llumina Nextera kit at the Duke University Center for Genomic and Computational
Biology and sequenced using two lanes on an Illumina NovaSeq 6000 S4 flow cell (48 sam-

ples per lane) in 2x150bp paired-end mode. The resulting fastq files for all samples were

deposited in the NCBI SRA (https://www.ncbi.nlm.nih.gov/bioproject/PRIJNA804196).

2.2.3 Bioinformatics

Bioinformatic analyses were performed on Virginia Tech’s Advanced Research Computing

system. Individual fastq files were aligned using the BWA mem algorithm with the -M and
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-R flags and the C. dentata genome as a reference (Castanea dentata v1.1; http://phytozome-
next.jgi.doe.gov/). Resulting SAM files were converted to BAM format, sorted, and indexed
using SAMtools [68, 69]. Where samples were sequenced in multiple lanes, these were com-
bined into a single BAM file using samtools merge. For the 95 Castanea species samples
where PCR was performed in the library preparation, PCR duplicates were removed from

the BAM files using MarkDuplicates in picard.

Single nucleotide polymorphisms (SNPs) were called using a custom pipeline adapted from
the Broad Institute’s Genome Analysis Toolkit (GATK v3.8) best practices [75, 91, 120].
Chromosome GVCF files for each individual were combined with GatherVcfs and merged
with GenotypeGVCFs. Polymorphisms were quality filtered with GATK VariantFiltration
algorithm following GATK best practices, and further filtered in VCFtools v0.1.17 [32] to
include only biallelic SNPs and SNPs with <10% missing data per site. Individuals with
>10% missing data were removed. Unless otherwise noted, a minor allele frequency (MAF)
filter was applied (MAF = 1/2n, where n = number of samples in the VCF file). VCFtools
was used to calculate the sequencing coverage and depth. Genome-wide scans for SNP
density were determined using the -SNPdensity option with 50kb windows. Mean sequencing
depth per variant was calculated using the —site-mean-depth option and mean sequencing
depth per sample was determined using —depth. SNP density for each chromosome was

visualized in ggplot2 geom_smooth with default parameters [121].

2.2.4 Species identification and estimation of hybridization in wild

American chestnut populations

To avoid biasing subsequent analyses, we used the Castanea species reference dataset with

ADMIXTURE to test for evidence of introgression and identify samples for exclusion. All
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Castanea species, except C. sequinii and C. henryi, were included, as there were only one and
two samples of those species, respectively. The C. dentata and species reference datasets were
combined using bcftools merge and filtered with beftools to retain biallelic SNPs and remove
singletons [33]. Both SNPs and INDELSs were retained for these analyses. ADMIXTURE was
run with the —cv flag to perform a five-fold cross-validation for K = 1-9 [9]. The most likely
K value was selected as the number of clusters where each Castanea species first separated
into at least one distinct group (C. pumila varieties were considered as a single cluster).
Putative C. dentata samples were classified as hybrids or misidentified if they had cluster
membership >10% with a different species. We used a >10% threshold since low levels of

interspecific ancestry are likely to be artefacts [17] and not recent hybridization events.

2.2.5 Population structure

We assessed population structure within C. dentata to identify barriers to gene flow and to
partition the species into genetic sub-populations for use in subsequent analyses. Popula-
tion structure was estimated using ADMIXTURE and Discriminant Analysis of Principal
Components (DAPC) [61]. ADMIXTURE estimates ancestry using a model-based approach,
like STRUCTURE, to estimate ancestry, but is more computationally efficient [9]. DAPC
combines PCA and a Discriminant Analysis (DA) to identify demographically independent
clusters by minimizing within group variance and maximizing between group variances [61].
The VCF file was first converted to a BED file and LD-pruned to include SNPs with R2
values < 0.1 within 50 SNP sliding windows (step size 10 SNPs) in PLINK v1.9 [95]. AD-
MIXTURE was run on the pruned BED file for K values 1-9. The —cv and -j120 options were
enabled to allow for five-fold cross validation and multithreading, respectively. Population
membership for each sample was determined by highest ancestry proportion from the most

likely ADMIXTURE model.
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DAPC analysis was performed in R using the adegenet package [60]. The pruned BED file
was converted back to a VCF file in PLINK v1.9 using the —recode vcf option and the —ref-
from-fa option, and converted to genlight format using the vcfR package [63]. The optimal
number of clusters was determined with the find.clusters function in adegenet, and BIC
values were calculated for a maximum of five clusters and 355 principal components (PCs).
The optim.a.score was assessed for each DAPC run to determine the optimal number of PCs

to retain.

To test for isolation-by-distance (IBD), we performed Mantel tests using the R package ade4
[41]. The Mantel test required the input of genetic and geographic distance matrices. Due
to computational constraints, a 100k SNP subset was used for the genetic distance matrix.
The pruned VCF file from DAPC was imported into R and converted to the genind format
using the vefR package [63]. The genind file was converted to the genpop format with the
genind2genpop() function in adegenet [60]. A genetic distance matrix was generated with
the dist.genpop() function using Edward’s distance [60], and a Euclidian geographic distance
matrix was estimated using the individual sample locations and the dist() function. Finally,

we tested for IBD with the mantel.randtest() function with 999 permutations [41].

2.2.6 Demographic history

Demographic history analyses were performed to describe the broad patterns of popula-
tion size changes that may have influenced current patterns of genomic diversity. The
sequential Markovian coalescent approach in SMC++ was used to estimate the historical
effective population sizes (N,) of C. dentata from whole genome data [118]. SMC++ re-
quired the input VCF file to not have any filtering for LD or MAF, so the input VCF

file was only filtered for high missing sites (>10% missing data) and biallelic SNPs. After
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removing 18 samples for high missing data and 10 samples for lacking >90% C. dentata
ancestry, the input VCF file contained 356 samples. Sites missing in the C. dentata refer-
ence genome (Castanea dentata v1.1; http://phytozome-next.jgi.doe.gov/), which could be
erroneously interpreted as long runs of homozygosity, were masked with a bed file gener-
ated with a conversion script (https://www.danielecook.com/generate-a-bedfile-of-masked-
ranges-a-fasta-file/). The SMC files were generated for each of the 12 chromosomes using
the vef2sme function in SMC++. The estimate function was then used with a mutation per
generation rate set to 5.2 x 10® from estimates of pedunculate oak (Quercus robur) [108].
A 30-year generation time was assumed to convert coalescent events to years. A CSV file of

the results was generated with the plot function and -c option for plotting in R [96].

2.2.7 Migration rates

We estimated migration rates to further characterize contemporary geographic barriers to
gene flow. Migration rates for C. dentata were estimated using Estimated Effective Migra-
tion Surfaces (EEMS) [89]. EEMS estimates and visualizes effective migration and diversity
across a given geographic range using genetic data from known locations [89]. The EEMS pro-
gram requires three input files: an average pairwise differences matrix (DIFFS), list of sample
geographic locations (COORD), and a list of habitat boundary coordinates (OUTER). To
reduce computational load, the LD pruned C. dentata dataset from the population struc-
ture analyses was used. The pruned BED file was converted to the EEMS DIFFS file using
the EEMS program bed2diffs. The habitat boundary was a large single polygon and the
coordinates of the perimeter were manually selected using a google maps like online tool
(http://www.birdtheme.org/useful /v3tool.html). The habitat boundary coordinates were
individually selected with the goal of encompassing the perimeter of all of the US states

that contained at least one of the American chestnut samples used in this study. The final
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habitat boundary included the entirety of Maine, New Hampshire, Vermont, Massachusetts,
Rhode Island, Connecticut, New Jersey, New York, Pennsylvania, Michigan, Ohio, Indiana,
Delaware, Maryland, West Virginia, Virginia, Kentucky, Tennessee, North Carolina, South

Carolina, Georgia, Alabama, and Mississippi.

An initial run was performed with 8 million iterations, 1 million burn-in, 600 nDemes, 9999
thinning, and the hyperparameters in their default setting. EEMS relies on properly adjusted
proposal variances. The proposal variances are adjustable values used by the EEMS algo-
rithms, and which influence the predicted migration and diversity rates. Another important
EEMS metric is the output proposal acceptance frequency, which reports the frequency of
the EEMS algorithm accepting proposals of different types. Through their own testing, the
EEMS authors determined that during the analysis, each of the output proposal acceptance
frequencies should be between 20%-30%, but it is sufficient for them to range from 10%-40%
(https://github.com/dipetkov/eems/blob/master /Documentation/ EEMS-doc.pdf). Follow-
ing the initial EEMS run, there were two proposal frequencies that were either less than
10% or greater than 40%. To account for this, the mEffectProposalS2 parameter was in-
creased from 0.1 to 0.2 and mrateMuProposalS2 was decreased from 0.01 to 0.002. Four
values of demes, 200, 350, 500, and 650 were used to evaluate the number of demes for best
fit. Three chains, each with 20 million iterations, four-million burn-in, and 9999 thinning
were performed for each deme and their outputs were combined in R using the rEEMSplots2
program. The posterior trace plot was evaluated to determine if the MCMC chain con-
verged. Any EEMS run that did not converge was restarted from the final parameter state
in the previous run. The results were mapped in R using rEEMSplots2. A linear regression
line was fitted to the default 'Dissimilarities between pairs of sampled demes’ plot for each
deme value. The R? values from this analysis were similar for the 650 deme model (R? =

0.92) and 500 deme model (R? = 0.93), and we thus present results for the 650 deme model
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due its increased resolution. Appalachian Mountain peak locations were obtained from
Wikipedia (https://en.wikipedia.org/wiki/List_of mountains_of the Appalachians) and

a smoothed loess line of these locations was added to the EEMS figure using ggplot2.

2.2.8 Genome-wide nucleotide diversity

We evaluated genome-wide patterns of nucleotide diversity and divergence within and be-
tween each population to understand how demography may have shaped these parame-
ters, and to help prioritize geographic areas for germplasm conservation. We used ANGSD
(Analysis of Next Generation Sequencing Data) to estimate these parameters, as its use of
genotype likelihoods provides less biased estimates than those based only on variant calls
(64, 83]. The sorted BAM files were used as the initial input for ANGSD to estimate the
site allele frequency (SAF) likelihood for each population (-doSaf 1) on a per-chromosome
basis and then merged using realSFS cat. Filtering parameters used for each SAF file were
adapted from ANGSD recommendations and other hardwood tree studies [56, 103]. These
parameters were: adjust mapping quality for excessive mismatches (-C 50), minimum base
quality score 20 (-min(@) 20), minimum mapping quality 30 (-minMapQ 30), discard reads
that do not uniquely map (-uniqueOnly 1), only retain sites where the pair could be mapped
(-only_proper_pairs 1), and remove 'bad’ reads (-remove_bads 1). To polarize the site-
frequency-spectrum (SFS), an ancestral reference fasta was generated in ANGSD using 11
C. mollissima BAM files with the following parameters: -doFasta 2 and -doCounts 1. Finally,

the SF'S was estimated using realSF'S.

Nucleotide diversity, tests of neutrality, and population differentiation were subsequently
estimated with ANGSD. Thetas were first estimated using realSFS saf2theta, and for each

chromosome using thetaStat do_ stat. Per site nucleotide diversity was estimated by dividing
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the pairwise theta (tP) by the number of sites (-nSites) for each genomic region. Pairwise
Fst was estimated using the per chromosome SAF files for each pair of populations per
chromosome to generate pairwise 2D-SF'S files. Fgr was then estimated for each pairwise
2D-SF'S file using realSF'S fst index. These statistics were summarized in 50kb windows with

a 10 kb slide.

VCFtools was used to estimate observed heterozygosity (He) for each sample by subtracting
observed homozygosity (H,) from the number of sites and dividing that total by the number
of sites. H, for each population was the average of this per-sample mean for all samples
within a population. Expected heterozygosity was similarly estimated for each sample and
population. Significant differences in H, between populations were tested with the aov()

function in R and for pairs of populations with the function TukeyHSD().

2.2.9 Detecting signatures of positive selection

Genome-wide scans to detect evidence of positive selection within C. dentata populations
were used to identify both local (within-population) and global (rangewide) targets of selec-
tion. Specifically, we used RAiSD (Raised Accuracy in Sweep Detection) to identify genomic
regions with evidence of recent positive selection in each population [7]. RAiISD estimates a
composite statistic, , which integrates LD, the SF'S, and diversity. The filtered C. dentata
VCF file was subset for each of the three populations as input. Regions that were missing
data in the C. dentata reference genome were masked. Default parameters were used, except
that we assigned a seed for the random number generator. After filtering, RAiSD retained
8,833,026 SNPs for the northeast population, 7,545,294 SNPs for the central population, and
11,737,005 SNPs for the southwest population. We used the quantile function in R [96] to

identify the 0.1% outlier regions in each of the RAiSD site reports per-population.
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To identify genes proximal to the 0.1% RAISD outlier regions, we annotated those re-
gions using the American chestnut genome feature file (Cdentata_ 673 v1.1.gene.gff3.gz;
http://phytozome-next.jgi.doe.gov/). Genes were assigned to outlier regions if they were
within 1 Kb of the region. Only unique genes were retained. We then identified Arabidopsis
orthologs for each outlier gene using BioMart on Phytozome [50, 110]. The list of A. thaliana
orthologs were entered into the TAIR gene ontology tool to obtain their functional categories
([16]; https://www.arabidopsis.org/tools/bulk/go/index.jsp). Finally, we performed GO en-
richment analyses for biological function on four gene sets. These sets were the unique genes
belonging to the southwest, central, and northeast populations, and the set of genes that
are shared between all three populations. The A. thaliana orthologs were retrieved for each
gene set using the previously described methods, and were submitted to the TAIR GO Term
Enrichment for Plants tool (https://www.arabidopsis.org/tools/go_term_enrichment.jsp),
which sends the data to the PANTHER Classification System [77]. The summary for each
gene set analysis using the PANTHER Classification System was as follows. Analysis type:
PANTHER Overrepresentation Test (Released 20210224), Annotation Version and Release
Date: GO Ontology database DOI: 10.5281 /zenodo.5228828 Released 2021-08-18, Reference
list: Arabidopsis thaliana (all genes in database), Annotation Data Set: GO biological pro-
cess complete, Test Type: Fisher’s Exact, Correction: Bonferonni correction for multiple

testing for p<0.05.
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2.3 Results

2.3.1 Genome resequencing

As an effectively obligate outcrosser with a historically large effective population size, we
expected C. dentata to have high heterozogosity [130]. As such, we targeted 20X coverage
of each sample to enable high-quality genotype calls across most of the genome. Of the
384 samples sequenced, 86 had greater than 20x coverage, 242 had 10-20x coverage, and
56 had less than 10x coverage. The 384 sample C. dentata VCF file contained 23,720,251
SNPs and INDELs. Eighteen samples with greater than 10% missing data were removed,
and 10 additional samples were removed that had > 10% cluster membership with one or
more of the Castanea species reference samples. The final C. dentata dataset contained 356
individuals with an average coverage of ~17x and 21,136,994 high-quality SNPs (A.2). The
pruned C. dentata dataset contained 3,539,550 SNPs. The Castanea species reference dataset
contained 92 samples and 62,647,079 SNPs that passed the filtering criteria. The combined
and filtered C. dentata and Castanea species reference dataset contained 76,378,648 SNPs

and INDELs.

2.3.2 Hybridization

Because non-native Castanea species have been widely planted in the United States, we
sought to exclude samples with evidence of ancestry from one or more of these congeners
using whole-genome resequencing (WGS) data from a panel of multiple genotypes from
most Castanea species. ADMIXTURE analysis with the combined C. dentata and Castanea
species reference panel suggested seven clusters best explained the data, with each Castanea

species as an individual cluster in addition to three clusters within C. dentata (A.3). Overall,
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we did not find evidence of widespread introgression in our C. dentata dataset. Of the
366 putative American chestnut individuals that passed quality filtering, 340 had >99%
assignment to the C. dentata clusters., 16 had 91.6% - 98.2% C. dentata ancestry, and 10
had >10% ancestry from other Castanea species. The latter were removed from further
analyses. These include three samples identified as C. pumila, four that were C. sativa x C.
dentata hybrids, and three that were C. mollissima x C. dentata hybrids. In addition, there
were 16 C. dentata trees with low levels of apparent ancestry from other Castanea species,
including 14 samples from Kentucky and Tennessee that had 1-8% C. crenata ancestry and
two samples from Maryland and New York that had 3-8% C. mollissima ancestry. We also
observed possible hybridization or incomplete lineage sorting among the North American
Castanea species. Among the C. pumila varieties, all of the C. pumila var. ozarkensis
individuals had moderate levels of membership with the southwest C. dentata cluster (10-
13%) and three of the C. pumila var. alabamensis samples shared ancestry with the southwest
C. dentata cluster (6-7%). Conversely, two C. dentata that were sympatric with the C. pumila

var. alabamensis range had C. pumila ancestry of 1-2%.

2.3.3 Population structure in Castanea dentata

We hypothesized that the C. dentata range could be partitioned into several broad popu-
lations reflecting a glacial refugium, the species’ history of post-glacial recolonization, and
contemporary gene flow. Population structure within C. dentata was best explained by a two
or three population model as identified by the DAPC BIC plot and ADMIXTURE CV error
plot, respectively (2.2). Additionally, dispersal was low throughout the species range, with
the presence of isolation-by-distance (IBD) found to be significant (A.4). The three popula-
tion ADMIXTURE model was characterized by a southwest, central, and northeast cluster

(2.2); with population boundaries following precipitation and temperature gradients (A.5).
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The southwest and central population separated in northern Georgia and eastern Tennessee,
while the central and northeast population have an area of admixture in Pennsylvania be-
fore becoming more distinctly separated in southern New York. The central cluster showed
low levels of admixture with the northeast cluster, and vice versa, whereas the southwest
cluster was largely distinct. The two population DAPC model included the same southern
population and boundary as ADMIXTURE, but the central and northeastern populations
were merged. There was >98% agreement in population membership assignments between

the DAPC and ADMIXTURE analyses at the same K values.
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Figure 2.2: The wild American chestnut population structure is best described by three or
two populations. The pie charts represent the sample locations and the proportion of color
within each pie chart represents population membership. The minimum CV error score and
minimum BIC score for each K value (right) were used to determine most likely population
number for the ADMIXTURE and DAPC analyses, respectively.
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2.3.4 Migration rates

The Appalachian Mountains are the primary geographic feature of the C. dentata range,
and we hypothesized that these mountains may represent an east-west barrier to gene flow.
EEMS analysis supported this, with migration running from southeast to northeast on either
side of the Appalachians (2.3a). A single region of above average effective migration rate and
relatively lower elevation was shown in southern West Virginia that crosses the Appalachian
Mountain range (2.3a; A.6). The ADMIXTURE K=4 model agrees with the EEMS estimates
and suggests a further subdivision of the central population on either side of the Appalachian
Mountains (2.3b). EEMS also estimates a diversity parameter (q), which reflects genetic
dissimilarity between individuals within the same deme, and can thus be thought of as the
within-population component of genetic variance. This diversity parameter was generally
high throughout the range, though more so in the central and southern portion of the range,
and somewhat lower in the northeast and northwest (A.7). Pockets of lower diversity, and
thus higher intra-deme genetic similarity, on the outer edges of the species native range may

reflect areas of more recent expansion-associated bottlenecks (A.7).

2.3.5 Demographic history

We used SMC++ to understand the effects of cyclical Quaternary glaciation on effective pop-
ulation size in chestnut throughout its range. Estimates of N, over time suggest that each
population underwent contractions and expansions in N, beginning ~2Mya. All populations
followed a similar pattern of demographic history, however, the southwest population lagged
the central and northeastern populations’ events by a25-100K years. N, rapidly increased
for all three populations approximately 6.7-11.7Kya, after which the central population un-

derwent an additional contraction within the past 7,000 years (2.4). The southwest popula-
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Figure 2.3: The Appalachian Mountain range was a barrier to gene flow for post-
glacial migrating American chestnut populations. A. EEMS migration rate estimates
for American chestnut populations. Regions of blue are above average migration es-
timates, while orange regions are below average migration estimates. A loess line
of Appalachian Mountain peaks was applied in ggplot2 using peak locations obtained
from https://en.wikipedia.org/wiki/List_of mountains_of the Appalachians. B. AD-
MIXTURE analysis with K = 4. The pie charts represent sample location and the color
represents population membership.
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tion had the highest contemporary N, (Ne(southwest):20,306, Ne(central)= 8,347, Nemortheast)=
13,078).
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Figure 2.4: American chestnut populations underwent bottleneck and expansion events that
coincide with recent North American glaciations. Greyed regions represent glaciation event
times approximated from Bowen [18] (as cited in [15]). Each colored line represents the
N, for each of the three populations. Coalescent scaling was converted to years with a 30
year generation time. A. SMC++ N, estimates from the present to 2Mya. B. SMC++ N,
estimates from the present to 100Kya. The figure inset into the upper right-hand corner is
the SMC++ N, estimates from the present to 13Kya.

2.3.6 Genomic diversity

To understand how demography and genomic context has shaped diversity, we used ANGSD
to estimate the global and local SFS, and associated summary statistics. The ANGSD
analyses revealed regions within each chromosome that contained negative Tajima’s D and
reduced nucleotide diversity (2.5). Several of these regions, such as on chromosome six, nine,

and ten, were characterized by elevated Fgr values (2.5).

The southwest population had the greatest nucleotide diversity, followed by the central

and northeast populations ( southwest = 0.0069; contrar = 0.0064; ortheast = 0.0058). All
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populations had negative average Tajima’s D, which were similarly clinal (Dgouthwest= -1.083;
Deentrai=-1.016; Dyortneast=-0.335). Consistent with these negative values for Tajima’s D, the
SE'S plot revealed that for each population, there was an excess of rare and high frequency
variants (A.8). Sliding window analyses revealed heterogeneous genome-wide Tajima’s D,
nucleotide diversity, and Fgr (2.5). Throughout the genome, the southwest population had
the most negative Tajima’s D values, followed by the central and northeast populations
(2.5). The southwest population had the highest nucleotide diversity values throughout
the genome, with decreasing values for the central and northeast populations (2.5). Fgr
estimates between population pairs were relatively low for all comparisons, with the highest
divergence between the southwest and northeast populations (Fsr(southwest-northeast) =0.1076,

FST(southwest-central) = 007057 FST(centraI-northeast) = 00268)
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Figure 2.5: Genome-wide sliding-window analysis of the three American chestnut populations
for Tajima’s D, nucleotide diversity ( ), RAiSD p-statistic, and pairwise Fgr. Smoothed lines
were computed for all results in ggplot2 with the default gam parameter.
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Consistent with the pattern for nucleotide diversity, heterozygosity was highest in the south-
west (2.1). Northeast H, was significantly lower than the central and the southwest popula-

tion (p<0.001, p<0.001) (A.9a).

Table 2.1: Average Tajima’s D, nucleotide diversity, heterozygosity, and inbreeding coefficient
across all samples for each American chestnut population.

Population No. of trees Tajima’s D T H, H, F

Southwest 68 -1.0827 0.0069 0.1515 0.1660 0.0882
Central 179 -1.0156 0.0064 0.1492 0.1660 0.1016
Northeast 109 -0.3345 0.0058 0.1353 0.1660 0.1851

2.3.7 Regions and associated genes under positive selection

As the chestnut populations migrated and diverged into new geographic regions, we hypoth-
esized that genomic regions within each population would be subjected to recent positive
selection. Every chromosome for each population contained outlier genomic regions iden-
tified by RAiSD (2.5). The southwest population had the greatest number of significant
regions with 11,733, followed by the northeast population with 8,832, and the central popu-
lation with 7,534. Within significant outlier regions, the southwestern population contained
617 outlier genes, which was the most out of the three populations (2.6). Among these
outlier genes, 402, 387, and 323 were unique to the southwestern, central, and northeastern

populations, respectively, while 49 genes were shared between all three populations (2.6).

GO enrichment analysis revealed that "response to stress” was within the top four most
annotated gene families for the GO biological process for each population (A.10). Among the
unique genes within each population, the southwest population had the most overrepresented
GO terms, with 25 (A.1), while the northeast population had 10 (A.2), and the central
population contained one (A.3). The GO term "defense response to fungus” was significantly

overrepresented in the shared gene set for all three populations (Fold enrichment = 16.5, p =
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Figure 2.6: Number of outlier genes identified by RAiSD within each American chestnut
population.
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0.0373, A.4). The overrepresented genes for the shared gene set were Caden.02G006600 and
Caden.03G057600, which are both in the apoptotic ATPase eukaryotic orthologous group
(KOG).

2.4 Discussion

In this paper, our goal was to characterize population structure, postglacial history, and
positive selection across the climatically diverse range of American chestnut [48]. To do
this, we re-sequenced the genomes of 384 wild chestnut genotypes. These data revealed that
(i) the chestnut range can be divided into three management units, with east-west breaks
roughly in Pennsylvania and Georgia; (ii) genomic diversity decreased with latitude, most
likely the result of past population size reductions, and recent expansions, associated with
Quaternary glaciation of North America; (iii) while the southwest cluster is the smallest
both in area and census size, it holds a disproportionate level of genetic diversity; and (iv)
genomic targets of natural selection are widespread throughout the genome and enriched for

putative disease-resistance genes.

2.4.1 Hybridization is not widespread in putatively wild American

chestnut genotypes

Our primary goal in developing a WGS dataset that included most Castanea species was to
exclude hybrids between our wild C. dentata samples and congeners - a significant concern
given the history of planting and naturalization of non-native Castanea species in the eastern
U.S. [34]. We did not detect widespread introgression with other Castanea species, which is

consistent with previous assessments of North American Castanea [88, 113]. Of the four C.
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dentata samples in the species reference dataset that were sympatric with Castanea pumila
var. alabamensis, there was little evidence of genetic ancestry with the C. pumila species,
with only two of those C. dentata samples having any signatures of C. pumila ancestry
(<2%). However, as we focused on collecting from C. dentata genotypes with morphological
characteristics representative of the species, our sample was biased against trees displaying
intermediate phenotypes, and hybrids with naturalized non-native Castanea species, as well
as the native C. pumila, may nevertheless be present in the wild. An additional result of the
genus-wide ADMIXTURE analysis was that each of the three C. pumila subspecies had low
levels of C. dentata ancestry, potentially due to residual relatedness from a common ancestor
or ongoing introgression. This C. dentata ancestry varied among C. pumila subspecies, which
suggests genomic differentiation among these subspecies and supports previous findings of
meaningful genetic subdivisions within the C. pumila species complex [88, 113]. Finally, the
inferred minor contribution of C. crenata to our Kentucky and Tennessee C. dentata geno-
types seems unlikely to be due to recent introgression, as multiple generations of backcrossing
would be required to generate the observed ancestry. More likely it is some combination
of long branch attraction, incomplete lineage sorting, ancient introgression, and/or SNP
calling errors [17]. A systematic exploration of the relationships among worldwide Castanea
species is beyond the scope of this paper, and future studies will use these data to resolve the
phylogenetic relationships among Castanea species and within the Castanea pumila species

complex.

2.4.2 The American chestnut range can be divided into two or

three populations

Previous studies based on microsatellite markers covering a smaller portion of the species

distribution range (i.e., from North Carolina to Massachusetts) suggest either a single, ge-
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netically diverse metapopulation [66] or a two-population model with Pennsylvania and
Maryland being a transition zone [49, 80]. More recently, Spriggs and Fertakos [113] used
ddRAD-seq data and found support for two populations - one in the southern portion of the
range and the other comprising the central and north. Our results support a composite of
this picture. While both DAPC and ADMIXTURE gave very similar cluster memberships
and patterns at each K value, and both support a distinct southwestern population, they
differed on whether the central and northern range was further divided. That our data
support up to three sub-populations may be due to the increased genomic coverage of our
study, our larger sample size and more uniform range-wide sampling, or some combination of
these factors. More generally, our findings of increasing genomic divergence with increasing
geographic distance are broadly similar to other temperate tree species [10, 56]. At the same
time, overall among-population genomic divergence as measured by Fgr was relatively low,
which is consistent with a multi-species assessment of northeastern North American tree

species that found average Fgr across 20 tree species to be less than 10% [99].

While we find that isolation-by-distance is present in wild American chestnut, the three pop-
ulations we identified appeared to be differentiated at latitudinal temperature and precipi-
tation breaks across the species range. Pennsylvania marks the region of admixture between
the central and northeastern populations, and is also where mean winter temperatures tran-
sition from above freezing to below freezing. In addition, the separation between the central
and the southwestern populations occurs in Tennessee, which is the northern boundary for
an area of the southern U.S. that receives ~250mm higher annual precipitation on average
compared with eastern and northern portions of the historical chestnut range. Thus, like
most temperate and boreal tree species, American chestnut exhibits local adaptation to cli-
mate. The three populations we identified may thus comprise broad chestnut ecoregions,

reflecting both isolation-by-distance but also potentially isolation-by-adaptation [8, 42, 51]
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as found in many temperate and boreal tree species.

2.4.3 Impact of Quaternary glaciation on extant patterns of ge-

nomic diversity

The Quaternary glaciation in North American was characterized by cooling and warming
events with corresponding expansion and contraction of ice sheets beginning ~2.7Mya [18,
53]. Tree populations contracted in response to glaciation events [112, 134], and postglacial
recolonization bottlenecks may have influenced genetic diversity and effective population
sizes [6, 25, 55]. N, for each of our populations declined in the distant past and subsequently
each experienced repeated size changes before a rapid, recent expansion. Fluctuations in N,
for the northeastern population generally paralleled those of the central population, while the
southwest population lagged by ~100,000 years, likely due to more muted impacts of climate
change in this area. Curiously, following an initial increase after the last glacial maximum,
N, for the central population size again decreased. This decline may be due to a recent
bottleneck event, or uncertainty in the SMC++ analysis, however, it was not due to the
chestnut blight. Blight-related mortality of American chestnut populations occurred within
the last century, and most of the trees we sampled are stump sprouts from root stock that
predates the blight. With little generational turnover since the blight, the recent dramatic
reduction of American chestnut census population size would not influence our demographic

history analyses.

Among-population nucleotide diversity estimates support recolonization bottlenecks associ-
ated with the last glacial maximum. Diversity decreased as latitude increased, suggesting
that the southwestern population has a higher long term effective population size, and was

most likely a glacial refugium from which postglacial expansion occurred. Tajima’s D was
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negative in each population, which was driven by both rare and high frequency derived vari-
ants relative to neutral expectations [82]. The more negative values of Tajima’s D for the
southwest population, followed by the central and northeastern populations, suggest clinal
variation in postglacial bottleneck timing. This same pattern of clinal variation in neutrality
tests was found for Sitka spruce (Picea sitchensis), which recolonized its contemporary range

from a southern glacial refugium [55].

Fossil pollen evidence indicates the Gulf coastal forests in Florida and Southern Alabama
were a refuge for C. dentata during the last glacial maximum, and that the species sub-
sequently migrated north into Tennessee ~15kya, continuing northeastward along the Ap-
palachian Mountains at a rate of approximately 100m/year, eventually arriving in Connecti-
cut ~2,000ya [34, 35, 36, 37, 38, 125]. However, refugia may have existed further north,
and the rate of migration may have been slower than what fossil pollen suggests [76]. As
populations migrated northeastward and diverged, bottlenecks likely occurred, leading to

less genomic diversity in the northern populations than those further south.

When we allowed for four clusters in the ADMIXTURE analysis, the central population
separated on either side of the Appalachian Mountain range. The Appalachian Mountain
range may thus serve as a barrier to gene flow throughout the American chestnut range, with
migration paths northeastward on either side. The American chestnut’s range is also limited
by unsuitable heavy clay especially to the east of the Appalachian Mountains and extreme
cold temperatures at the northern range limit [52, 100]. With four clusters, we observed a
region of mixing between eastern and western clusters in southwest Virginia and southeast
West Virginia, which the EEMS analysis showed was also an area of enhanced gene flow.
A migration route across the Appalachian Mountain range may have existed in this region,
likely due to it being an area of relatively lower elevation. This lower elevation region may

have been easier to cross for the mammals and birds responsible for chestnut seed dispersal
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[34]. Additionally, the presence of this migration route could explain the observation by
Gailing and Nelson [49] that chestnuts in Ontario, Canada were more genetically similar to

the North Carolina population than to their northeastern neighbors.

2.4.4 Global signatures of positive selection are enriched for dis-

ease resistance genes

While genomewide diversity and allele frequency spectra are largely driven by demographic
factors, natural selection may have also played a role [123]. Because Tajima’s D does not
take the ancestral state of mutations into account, it is influenced by excesses of both high
and low frequency alleles. The frequency spectrum among our populations suggest that
negative Tajima’s D in the southwest and central populations is caused more by low frequency
alleles compared with the northeast, which had comparatively fewer low frequency alleles
and more high frequency alleles (Figure S4). While this pattern is consistent with variable
bottleneck age, it may also reflect recent hitchhiking associated with adaptation to the colder

environment in the northeast.

The ANGSD sliding window analyses revealed several broad genomic regions of negative
Tajima’s D and reduced nucleotide diversity. Some of these regions likely reflect reduced
recombination and associated decreased nucleotide diversity near centromeres. However,
several intervals, such as on chromosome six and chromosome ten, also had elevated Fgr
for the southwest-central and southwest-northeast population pairs, suggesting that these
regions may have experienced recent selection related to environmental adaptation to more
northern climates. RAiSD identified several thousand outlier regions that may be targets
of selection, and were enriched for genes related to "response to stress” and "response to

chemical”. Further, GO enrichment analysis identified ”"defense response to fungus” as the
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only overrepresented biological pathway for the set of shared genes between all populations.
This suggests that selection related to pathogen pressure is a key feature of global adaptation

in American chestnut.

A few of the American chestnuts we sampled were large surviving trees that may have
higher levels of blight resistance relative to other American chestnut trees. However, most
of our samples were blight killed resprouts. In addition to blight, American chestnuts from
across the species range are highly susceptible to Phytophthora cinnamomi (the Oomycete
responsible for Phytophthora root rot) - a contemporary agent of American chestnut decline
29, 127]. To date, the only known source of P. cinnamomi resistance for C. dentata has been
introgression from Asian Castanea species, such as C. mollissima and C. crenata [87, 127,
133]. Thus, the enrichment for defense genes among selection targets we observed is unlikely
to be related to these two contemporary pathogens that threaten the species. Rather, it

likely reflects historical interactions with, and adaptations to, native fungal pathogens.

This is not to say, however, that the "defense response to fungus” selection targets could
have no role in responding to chestnut blight or Phytophthora root rot. In response to blight
inoculation, both resistant C. mollissima and susceptible C. dentata show transcriptional
responses, though more genes potentially related to blight resistance were upregulated in
C. mollissima [12]. The two genes associated with ”defense response to fungus” were both
members of the apoptotic ATPase KOG group. This is interesting considering Barakat
et al. [12] found ATPases to be differentially expressed in chestnut blight canker tissues. In
addition, blight resistance in American chestnut backcross populations is polygenic, with
multiple loci contributing to resistance [129]. The lack of blight resistance in American
chestnut may be due to an inadequate or inappropriate transcriptional response to infection.
As such, further evaluation of genomic targets of selection related to pathogen defense will be

necessary to determine the cause of their overrepresentation and their possible relationship
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to blight resistance in wild populations.

2.4.5 Implications for restoration of American chestnut

Our long-term goal is to develop disease resistant, locally adapted American chestnut popu-
lations for restoration of the species. While millions of American chestnut collar sprouts still
persist throughout the botanical range of C. dentata, the ecological niches occupied by chest-
nut have been eroded since the blight was introduced, and increasing deer populations are
a major threat to survival of remaining sprout clumps [21, 22]. There is therefore an urgent
need to conserve the evolutionary legacy that these remnant chestnut populations represent.
Results of this study, and future work, will therefore be applied to apportion sampling of
wild germplasm from across the historical chestnut range on the basis of management and
adaptive units, by dividing the range into provenances that are homogeneous with respect to
their genome-wide and adaptive allelic content, respectively. Here, we primarily addressed
the first of these goals, which revealed that the chestnut range can be divided into three
populations separated along a latitudinal gradient. We also found that while geographically
smaller, the southwest population had the highest levels of genetic diversity. Thus, we ex-
pect to propagate a disproportionate number of genotypes from this region relative to the
proportion of the species range it encompasses. The genomic targets of natural selection we
identified, particularly the over-representation of disease-related loci, will be incorporated
into models that define the adaptive units, in addition to information from future anlaysis

of genotype-environment relationships.

Of the two methods being used to develop blight-resistant chestnuts, the transgenic lines
are most in need of genetic diversification, having originated from only two founder trees.

Previous simulations indicated that N, for the transgenic lines can be increased to > 500
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individuals, and the average inbreeding coefficient reduced to < 0.01, by outcrossing these
founders over three generations with 50, 150, and 450 (650 total) wild-type American parents,
and using three progeny per cross as parents in subsequent generations [128]. Methods
for propagating wild trees will include grafting wild scion and collecting rare wild seed.
Pollen collection will be accelerated using high light treatment, which has been shown to
result in flowering in the first growing season [128]. The American Chestnut Foundation’s
backcross breeding program contains much more genetic diversity than the transgenic lines,
having incorporated pollen from many wild trees. These backcross trees may be crossed
with transgenic trees to both combine quantitative and transgene resistance, and to further
diversify the transgenic populations. Our results will be used to evaluate the proportion
of adaptive variation that has been captured in these backcross families, and the extent to
which further introgression of wild germplasm should be undertaken to improve their climatic

resilience.
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Identifying and conserving the

adaptive legacy of American chestnut

3.1 Introduction

American chestnut (Castanea dentata) is one of the tree species most vulnerable to climate
change in the United States [92]. A large deciduous tree native to the Appalachian Mountains
of eastern North America, the American chestnut was decimated by a fungal blight beginning
in the early 20th century that killed billions of trees. While approximately 400 million
chestnut stems remain throughout the range, these are almost exclusively root collar sprouts
that rarely achieve more than a few years of growth before being reinfected with blight [86,
109]. This repetitive cycle of growth and die-back and the lack of widespread reproduction

makes American chestnut functionally extinct in the wild [86].

Efforts to develop blight resistant American chestnut through introgression from Chinese
chestnut (Castanea mollissima) [115] and insertion of an oxalate oxidase (OxO) transgene
may soon enable widespread restoration plantings [81, 93, 132]. However, particularly in
the case of the genetically-modified lines, a lack of genetic diversity in general, and adaptive
diversity in particular, necessitates an outcrossing strategy to both increase effective popu-
lation size and target specific families to the climate of local planting sites. And while the

hybridization and backcrossing program has incorporated some standing variation via polli-
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nation from wild trees, the extent of adaptive variation segregating in backcross populations

is unknown.

Adaptation to local climate in temperate forest trees is determined by multiple abiotic con-
straints, including the correct timing of growth and dormancy transitions and associated
cold acclimation, maximum winter cold hardiness, water-use efficiency, and drought toler-
ance or avoidance [57, 105]. Similar to many temperate tree species, American chestnut has
migrated from glacial refugia to occupy extant ranges spanning thousands of kilometers from
southern to northern limits [104]. Differentiation in locally-adaptive traits related to tem-
perature variation has been documented in common gardens[101, 102, 107], which suggest
adaptive clines similar to other widespread temperate tree species. However, because of the
rarity of wild reproduction, it is exceptionally difficult or impossible to assemble chestnut
common gardens that encompass locally dense and geographically widespread sampling of
the historical range. Hence, identifying the genomic targets of climate-related selection is a
key step in understanding the underlying mechanism of local adaptation in this species, as
well as for developing strategies for capturing and incorporating the adaptive legacy of the
species. One way to approach this objective is through the concept of seed zones, whereby
a species range is divided into the smallest number of regions that effectively describe how
climate and ecoregions are partitioned. Ideally these zones also reflect reaction norms from
reciprocal common gardens, although such data is usually only available for species of high
economic value. Existing climate and ecological data suggest >10 different seed zones within
the historical American chestnut range [19, 90|, but these are not specific to chestnut, and
may or may not reflect how adaptive traits and genomic diversity is arrayed across the land-
scape for this species. Similarly, these zones do not inform the sampling intensity required

per zone to capture standing adaptive diversity.

Here, we describe the genomic basis of local adaptation in American chestnuts and make
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sampling recommendations to inform germplasm conservation efforts. We leverage a ~21
million SNP whole-genome sequencing (WGS) dataset developed by Sandercock et al. [104]
to (i) identify loci significantly associated with climate; (ii) define seed zones for germplasm
conservation; and (iii) develop a novel method for making sampling recommendations to
capture wild adaptive diversity. These results will inform American chestnut restoration

efforts, and provide a blueprint for similar conservation efforts in the future.

3.2 Methods

3.2.1 Dataset preparation

We used the 21,136,994 filtered SNPs and 356 C. dentata individuals that were previously
reported by Sandercock et al. [104] (3.1). Briefly, 384 leaf samples were obtained from
throughout the American chestnut natural range and then their DNA was sequenced using
whole-genome sequencing (WGS) at HudsonAlpha Institute for Biotechnology. After filtering
the 384 individuals based on missing data and ancestry tests, 356 C. dentata samples were
included in the final dataset. Missing sites were imputed using BEAGLE v5.4 [20] and a
minor-allele frequency (MAF) filter was applied using PLINK v1.9 to remove SNPs with
MAF < 0.05 [94]. The final genomic dataset contained 11,526,713 SNPs and 356 samples.
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Figure 3.1: Range map of Castanea dentata and the locations of the 356 American chestnut
samples and their assigned population from Sandercock et al. [104].

Environmental data was obtained from climateNA [124] and comprised 32 monthly and
seasonal climate variables (B.1). The environmental variables were the average for 1961-1990
and the ensemble projections under the CMIP6 future climate scenarios for 2050 and 2080
2, 74]. Climate data was not available for three of the samples, so they were removed from
the analysis. Collinearity between climate variables was assessed to exclude highly correlated
variables that could increase false-positive rates in genotype-environment relationships [24].
We first used gradientForest to rank the importance of each of the climate variables using
a random subset of 50k SNPs [43, 44]. Pearson’s correlations between each pair of climate
variables were estimated using the pairs.panel() function from the psych R package [98].

Climate variables were removed if they were highly correlated (R?>>0.7) with another variable
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of higher importance from the gradientForest predictor importance results.

3.2.2 Identifying climate-associated adaptive loci in American chest-

nut populations

Univariate and multivariate genotype-environment association (GEA) tests were performed
to identify putatively adaptive loci that were associated with climate. Redundancy analysis
(RDA) is a multivariate genotype-environment association method (GEA) that accounts for
all environmental variation simultaneously. RDA has been shown to have higher true positive
and lower false positive rates than univariate and several other multivariate approaches [46],
and enables assessment of the contributions of multiple factors (climate, geography, and
population structure) to patterns of genetic variation. For the RDA analysis, we used the
vegan R package [85]. First, we used a partial RDA (pRDA) to evaluate the contributions of
each of climate, geography, and population structure to rangewide diversity. Specifically, we
performed four tests: a full model with all factors, a climate only model, a geography only
model, and a population structure only model [24], and summarized the influence of each
factor on genetic variation with an ANOVA in R. For the pRDA analyses, we used a linkage-
disequilibrium (LD) pruned dataset due to computational efficiency. An LD-prune was
applied to the ~11.5 million SNP dataset using PLINK v1.9 to include SNPs with R? values
<0.5 within 50 SNP sliding windows (step size 10 SNPs) — resulting in a reduced dataset of
2,934,239 SNPs [94]. We then performed a GEA scan of the ~11.5k SNP dataset and the
10 uncorrelated climate variables following Capblancq and Forester [24]. As correcting for
population structure can cause the RDA outlier tests to be overly conservative, we report
only the uncorrected model [46, 70]. We retained three RDA axes, and the top 0.1% of

p-values were identified as candidate locally adaptive sites.
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As a complementary method to detect genotype-environment relationships, we used latent
factor mixed models (LFMM) as implemented in the R package LEA [27, 47]. LFMM2
uses univariate regression to identify linear associations between loci and climatic variables,
while accounting for confounding factors such as background allelic covariance arising from
population structure[27]. We first summarized the 10 climatic variables with PCA,| retaining
the first three PC axes, which explained ~89% of variance within the climate variables
dataset [85]. The lfmm2() function in the LEA package in R was used to run LFMM?2 three
times (once for each environmental PC axis) with K=2 latent factors to correct for population
structure [47]. P-values, z-scores, and the genomic-inflation factors (GIF) were estimated
using the Ifmm2.test() function with default parameters [47]. To account for multiple testing,
p-values were converted to g-values using the gvalue() function in R [117]. Loci that had a
g-value < 0.1 (FDR < 10%) were retained as candidate adaptive loci. Finally, outlier loci

identified by the RDA and the three LEFMM runs were combined for subsequent analyses.

To assess whether the putatively adaptive loci were enriched for coding or noncoding regions
of the genome, the locations of the outlier SNPs were cross-referenced with the American
chestnut genome feature file (Cdentata_673_v1.1.gene exons.gff3.gz; http://phytozome-
next.jgi.doe.gov/). Introns were not included in the GFF file, and were added using the
ATAG biopython package [31]. Promoters were also added to the GFF file as the 2 kb

region upstream of the mRNA intervals.

3.2.3 Spatial distribution of adaptive genomic diversity and ge-

nomic offset

To characterize the spatial distribution of adaptive genomic variation throughout the chest-

nut range, we used the Gradient Forest (GF) machine learning algorithm[44]. GF estimates
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nonlinear turnover functions of allele frequencies across environmental gradients. Uniquely,
the shape of the nonlinear turnover functions estimated by GF enable rescaling of the en-
vironmental gradients to reflect the specific ways in which the multidimensional genomic
variation is constrained by the climate space. To do this, we first estimated a gradientForest
model using the 18,483 adaptive SNPs from the LFMM and RDA analyses as response, and
the climate information from the 10 uncorrelated climate variables for each sampling loca-
tion as the predictors. This trained model was then used to predict the spatial distribution
of genomic variation over the entire chestnut range. A PCA was then performed on the
GF model prediction and the top three principal components (PCs) were used to visualize
the multidimensional adaptive genomic variation across the American chestnut range. To
understand how climate change may impact the relationship between genome and environ-
ment, we performed the same procedure outlined above using two future climate predictions
for 2080 (RCP4.5 and RCP8.5). We then calculated the Euclidean distance between the
current climate GF model and the future climate model, which reflects ‘genomic offset’ — an

estimate of future maladaptiveness due to climate change.

3.2.4 Identifying seed zones within the American chestnut natural

range

A major objective of this research was to partition the chestnut range into geographic seed
zones that reflect relatively homogeneous areas with respect to multivariate adaptive ge-
nomic variation, which can subsequently be used to both conserve germplasm ez situ, and
guide restoration plantings of blight-resistant chestnut families/lines with similar genomic
compositions. To do this, the PCA loadings from the GF model above were clustered using
the Optimal _Clusters_ KMeans() function from the ClusterR package in R to determine the

optimal number of seed zones [79][131]. Between K=1 and K=12 clusters were evaluated
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for fit to the data using AIC, sum of within-cluster-sum-of-squares-of-all-clusters (WCSSE),
variance explained, and BIC. We then used the clara() function from the ClusterR package
with K = 3 [73]; the resulting clusters are the seed zones — representing a genetically similar

region relative to its adaptive variation.

3.2.5 Estimating the number of trees to sample to capture wild

adaptive diversity for germplasm conservation

To estimate the number of trees required to sample from each seed zone to recapitulate
the multivariate allele frequencies at adaptive loci and inform germplasm conservation, we
created a custom Python script. The Python script takes the input of a VCF file and
optionally a list of SNP and sample information, and performs bootstrap re-sampling of
the dataset to compare allele frequencies (AF) for all SNPs from the bootstrap samples with
those of the full population using linear regression. Bootstrap sampling of the full population
continues until the R? score from the linear regression meets or exceeds the user-defined R?
score (a proxy for the percent diversity to capture), then the bootstrap sampling ends and
the number of subsampled trees is recorded. The process is then repeated for a predefined
number of iterations (in our case, 100), and the number of trees to sample is averaged across
all iterations. The final output is the mean number of trees to sample from a population to
meet the desired coefficient of determination between the adaptive multivariate AFs of the

sample and that of the full dataset for each seed zone.
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3.3 Results

3.3.1 Drivers of genomic variation across the range of American

chestnut

We previously showed that the American chestnut range can be divided into three popula-
tions with longitudinal boundaries that roughly divide the species into southern, central, and
northern groups [104]. As these boundaries also track temperature and precipitation gradi-
ents, we predicted that population structure and climate would have the largest influence on
genomic variation. The partial RDA models show that climate had the largest proportion of
explainable variance (0.38), followed by population structure (0.13), and geography (0.08),
and that all pRDA models were significant (p<0.001,3.1). The full pRDA model accounted

for 11% of the total variance.

Table 3.1: Drivers of genomic variation in American chestnut. Four partial RDA models
were performed to evaluate the influence that climate (10 environmental variables), popula-
tion structure (first two PC axes from PCA on genomic dataset), and geography (geographic
coordinates of each sample) had on the patterns of genomic variation throughout the Amer-
ican chestnut natural range. An ANOVA was performed after each partial RDA to estimate
statistical significance.

Partial RDA models  Inertia Adj. R®> p (>F) Proportion of ex- Proportion of to-
plainable variance  tal variance

Full model 79190  0.063 0.001%** 1 0.11
Pure climate 30117  0.012 0.001*** (.38 0.04
Pure structure 10018  0.008 0.001*** 0.13 0.01
Pure geography 6368 0.003 0.001*** .08 0.01
Confounded cli- 32687 0.41 0.05
mate/structure/geog-

raphy

Total unexplained 632195 0.89
Total inertia 711385 1.00
L < 0.001

We identified 10 uncorrelated climate variables to test for genotype-environment associations:
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RH (mean annual relative humidity (%)), Eref (Hargreaves reference evaporation (mm)),
PPT__wt (winter precipitation (mm)), EXT (extreme maximum temp. over 30 years (°C)),
TD (temp. difference between mean warmest month and mean coldest month (°C)), MAR
(mean annual solar radiation (MJ m-2 d-1)), PPT__sm (summer precipitation (mm)), CMI
(Hogg’s climate moisture index (mm)), AHM (annual heat-moisture index (mean annual
temp.+10)/(mean annual precip./1000)), and DD__18 (degree-days below 18°C) (3.2a, B.1).
Since LFMM is a univariate method, the LFMM analyses utilized three PC axes as synthetic
predictors in place of the 10 environmental variables due to computational demand and to
reduce the number of corrections needed to account for multiple testing. For LEMM, we
identified 4,988 SNPs associated with PC1(MAR, PPT _wt, TD), 2,923 SNPs associated
with PC2(AHM, CMI, EXT), and 0 SNPs associated with PC3(RH) (B.2). In total, LFMM
identified 7,911 outlier SNPs (FDR<0.1) and the RDA analysis revealed 11,526 outlier SNPs
(0.1% outliers), with 954 of these SNPs shared between the two GEA methods (B.5), for a

combined total of 18,483 putatively adaptive SNPs.

Among climate variables, allelic turnover was relatively linear for temperature differentials
(TD), annual heat:moisture indices (AHM), summer precipitation (PPT_sm), Hogg’s cli-
mate:moisture indices (CMI), and mean annual relative humidity (RH) (3.2b). By contrast,
sharp turnovers occurred at evaporative demand (Eref) between 1150 and 1200 mm, extreme
temperatures (EXT) between 39 and 40 °C, cooling degree-days (DD__18) between 2000 and
2500 days, and winter precipitation (PPT_wt) between 300 and 350 mm (3.2b). The re-
maining climate variable, mean annual solar radiation (MAR), showed a slight increase in

allele turnover rate between 14 and 15 (MJ m-2 d-1) (3.2b).

Throughout the genome, 210 genes contained at least one adaptive site, with most of the
‘adaptive’ genes located on chromosome one, five, and 10 (B.3). Approximately 18.6% of

the putatively adaptive SNPs were located in promoter and gene regions, which was lower
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than in the random dataset (/28.6%), and the initial filtered dataset (~28.3%) (B.3).
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Figure 3.2: Importance of climatic variables in patterns of allelic turnover for wild American
chestnut populations. A) Ranked accuracy importance of 33 climateNA variables from a
gradientForest analysis that included 353 American chestnut samples and 50k SNPs. The
*? were used for the analyses. B) Predictor cumulative importance
plot. Cumulative change in allele composition across the 10 climate gradients and the 18,483
putatively adaptive loci. Sharp increases suggest a point in the climate gradient where allelic
composition changes.
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3.3.2 Geographic distribution of genomic variation and maladap-

tation under current and future climates

Our genotype-environment analysis suggests differences in the climatic drivers of adaptive
genomic variation between northern and southern portions of the American chestnut range.
The northern portion of the range was associated with temperature and precipitation (TD,
DD_ 18, AHM), while the southern portion of the range was associated with evaporative
demand and extreme temperatures (Eref and EXT) (3.3a,b). An additional area in western
North Carolina and central portions of the Appalachian Mountains was associated with pre-
cipitation and solar radiation (CMI, MAR, PPT_sm, and PPT_wt) (3.3a,b). To understand
how climate change will impact the match between current and future adaptive matches,
we estimated genomic offset for 2080 for both middle and high emissions climate scenarios
(RCP4.5 and RCP8.5, respectively). Under both climate change scenarios, the central por-
tions of the American chestnut range were predicted to experience elevated maladaptation,

effects that were exaggerated for the high emissions scenario (3.3c).

3.3.3 Identifying seed zones

As climate was the greatest driver of genomic variation in American chestnut (3.1), we
hypothesized that we could partition the range into seed zones with boundaries reflecting
precipitation and temperature gradients in the eastern US. GradientForest model selection
from K=1-12 climate-based seed zones suggested that two or three were the most likely num-
ber of zones (B.6,B.7,B.8,B.9). With three such zones, the range was split into north, central,
and south regions, with latitudinal boundaries at approximately 36N and 39N (3.4a,b). Ge-
netic differentiation between seed zones was approximately 5.5-6.5 fold higher at adaptive

loci compared with neutral loci (3.4c).
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Figure 3.4: Three seed zones for American chestnut conservation that are based on the GF-
predicted genomic variation. (a) Spatial distribution of the three seed zones. (b) PCA biplot
of the GF-predicted genomic variation using three clusters to represent the seed zones. (c)
Fgr values between each seed zone at neutral loci (left) and putatively adaptive loci (right).
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3.3.4 Sampling to capture wild adaptive variation

Previous estimates of genomic diversity in American chestnut show that the southern portion
of the range had the highest levels of heterozygosity, which decreased as latitude increased
[104]. As such, we expected that sampling intensity required to capture most adaptive
diversity would be lower in the more southern Zone 3, and would increase with each successive
latitudinal zone. Consistent with this, we found that fewer trees will need to be sampled
from Zone 3, and more trees will need to be obtained from Zone 1 for the 90% and 95%
diversity matching targets (3.2). While the fewest trees will need to be sampled from Zone 3
for the 99% diversity matching target, most trees will instead need to be sampled from Zone
2. Estimates for the central Zone 2 were closer to the Zone 1 estimates across all diversity
matching targets (3.2). An approximately 10-fold difference in sampling intensity will be
required to match allele frequencies at 99% compared with 90% coefficients of determination
(3.2). Using a three seed zone model will require more trees to be sampled overall (90%=38.15
trees, 95% = 76.75 trees, 99% = 370.35 trees) compared with the two seed zone model
(90%=27.78 trees, 95% = 56.03 trees, 99% = 274.93 trees) or the one seed zone model
(90%=26.86 trees, 95% = 55.89 trees, 99% = DNF) (3.2,B.4,B.5).

Table 3.2: Tree sampling estimates to capture adaptive diversity from each American chest-
nut seed zone.

Seed zone % variance explained # of trees to sample 95% CI

1 90% 14.50 (13.35, 15.65)

2 90% 13.42 (12.27, 14.57)

3 90% 10.23 (9.41, 11.05)

1 95% 28.30 (26.33, 30.27)

2 95% 27.74 (25.63, 29.85)

3 95% 20.71 (19.32, 22.10)

1 99% 132.33 (124.61, 140.05)
2 99% 136.34 (127.60, 145.08)
3 99% 101.68 (94.76, 108.60)
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3.4 Discussion

The goals of this study were to describe the genomic basis of local adaptation in American
chestnuts, define seed zones for germplasm conservation, and develop a quantitative frame-
work for sampling recommendations. To do this, we used the SNP dataset generated by
Sandercock et al. [104] to perform genome-wide scans for signatures of adaptation, and to
model the partitioning of adaptive variation across the landscape. These analyses revealed
polygenic adaptation to climate that can be subdivided into three seed zones from which a

relatively small number of trees can be sampled to capture 95% of adaptive diversity.

3.4.1 Climate shapes genomic variation in American chestnut

Like many widespread temperate tree species, climate has significantly shaped genomic vari-
ation in American chestnut. Although well connected by gene flow, this species exhibits
isolation-by-distance across a natural range with highly variable abiotic environments, in
particular precipitation and temperature gradients. The geography of population structure
across this range was recently shown to track transitions to mean below freezing winter tem-
peratures in the north, and to a 25% higher annual precipitation in the south [104]. Among
~11.5 million SNPs tested, we identified ~18.5k associated with climate between RDA and
LFMM. The importance of our tested climate variables suggests precipitation, its seasonal-
ity, and its interaction with temperature in the summer are primary drivers of adaptation
in chestnut, comprising the top three and 11 of the top 15 climate variables in the gradient-
Forest analysis. This contrasts with, for example, lodgepole pine and red spruce, for which
variables related to winter temperature are most important to adaptation [26, 131]. Many
of the most studied forest tree species occupy ranges that begin and end further north than

that of American chestnut. This dichotomy may reflect a different cold hardiness strategy
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for chestnut that is insufficient in areas with extremely cold winter temperatures, as well as

adaptations to the high summer evaporative demand in the southern portion of its range.

A limitation of both these approaches is that they assume linear relationships between cli-
mate and allele frequencies[24, 70]. Methods to identify nonlinear relationships between
genotypes and environment have been developed, such as gradientForest [44], but are not
computationally efficient as screening tools for large genomic datasets. Modeling such nonlin-
ear genotype-environment interactions may be of interest in chestnut and other species, par-
ticularly given the nonlinear breaks in temperature and precipitation at population bound-
aries estimated with genome-wide data, and the correspondence of these breaks to seed zones

estimated with our adaptive loci.

3.4.2 Adaptive units for germplasm conservation and reforestation

Chestnut restoration efforts will need to account for local adaptation by matching blight
resistant families to climatic niches in which they exhibit appropriate timing of growth
and dormancy, water use efficiency, drought tolerance, and more. Characterization of the
pattern and extent of such local adaptations in forest trees is typically achieved through
reciprocal common gardens. As these are not possible for American chestnut, we sought
to use correlations between multivariate genotypes to the climate space in which they are
found as a proxy for adaptive traits. In both scenarios, the concept of seed zones has been
an essential tool for land managers to identify unique regions of climate adaption and to
inform candidate areas for reintroduction of seed, often from orchards of known provenance.
For chestnut, this matching is further complicated by the hybrid or transgenic nature of the
planting stock, which makes provenance a more nebulous concept even if phenotypic local

adaptation was well described. Using both genomic and climate information, we found that
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the American chestnut range can be most parsimoniously divided into three seed zones, which
best represents the American chestnut adaptive boundaries. These zones roughly match
background population structure in the species [104], which suggests our putative adaptive
cohort of SNPs may be substantially impacted by false positives that simply recapitulate
populations structure. We view this as unlikely for three reasons. First, we applied very strict
outlier cutoffs, which if anything, biased the dataset toward the exclusion of true positives
rather than inclusion of false positives. While the number of adaptive loci in our dataset was
very large, it is consistent with the polygenic nature of the traits that usually comprise local
adaptation in temperate trees species [105, 106]. Second, Fgr for the adaptive SNP cohort
was 5.5-6.5-fold higher than the genome-wide background across the seed zones, suggesting
divergent selection. Finally, while the three seed zones roughly track background population
structure, there were important differences. For example, seed zone one extended southward
through high elevation areas of the state of West Virginia, which is not reflected in the
neutral population structure map, and there was an extension of Seed Zone 2 southward and
Seed Zone 3 northward along the border of Tennessee and North Carolina, which reflects a
demarcation between the Great Smokey Mountains in the east (Seed Zone 2) and the much

warmer Tennessee Valley to the west (Seed Zone 3).

3.4.3 Matching adaptive portfolios to future climates

American chestnut has clearly adapted to regional precipitation and temperature regimes,
and while the above seed zones provide a spatial delineation of how genotypes match ge-
ography, these estimates reflect historical climate. Under climate change, the coupling of
climate and geography in the context of our modeling will break down, and matching geno-
types to planting sites will require reconciling current climates that interact with seedling

fitness, and future climates that impinge on competitive ability, reproduction, recruitment,
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and adaptation of subsequent generations. Our results of areas that are adapted to drier
conditions will be expected to have greater maladaptation due to future climate is consis-
tent with previous assessments ([84]). Though, these previous assessments did not include
genomic data when estimating the impact of climate change on American chestnut distribu-
tions. Nevertheless, genomic offset is predicted to be higher for all areas of the range under
the more severe RCP8.5 climate predictions — which is consistent with recent evaluations of

American chestnut habitat suitability under climate change conditions [3].

Climate change will shift the habitable range northward [84], thus areas farther north should
also be considered for reintroduction. American chestnuts are a slow migrating species — trav-
eling approximately 100m per year after the Last Glacial Maximum [34]. As such, assisted
migration will be necessary for maladapted regions [5]. Chestnuts planted northward outside
of the parent range will suffer winter injury, but perform better than other assisted migration
species from the eastern United States [28]. Germplasm from the central and northern seed
zones (Seed Zones 2 and 1), exhibits less winter injury and should be considered for use in
the most northern replanting locations [107]. We recommend additional evaluations of the
three seed zones identified here in common garden and controlled environment experiments
to determine how germplasm from each of these seed zones will respond to assisted migration
and future climate conditions. The additional information will ensure that locally adapted

American chestnut trees will be replanted in regions where they are adapted to thrive in.

3.4.4 Sampling estimates for germplasm conservation of wild adap-

tive genomic diversity

Ultimately, we sought to estimate the number of trees to sample from each seed zone to

capture most of the adaptive diversity present in the wild. These sampled trees will be
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used for germplasm conservation, and to introgress adaptive variation into disease-resistant
populations. To make these sampling recommendations, we developed a novel computational
method since an existing tool /pipeline was not available. Consistent across the three diversity
percentages, 90%, 95%, and 99%, we found that the fewest amount of trees will need to be
sampled from the southern Seed Zone 3, and the most from the northern Seed Zone 1. These
findings were expected considering that genomic diversity is highest in the southern chestnut
range and decreases as latitude increases [49, 80, 104, 113]. Thus, fewer trees would need
to be sampled from regions of higher heterozygosity and nucleotide diversity to capture the

desired percentage of adaptive diversity.

3.4.5 Conclusions

The American chestnut is a functionally extinct species facing both biotic and abiotic threats.
Developing disease-resistant chestnut populations is an important first step, but these popu-
lations require sufficient adaptive variation to survive and thrive in their replanting locations.
However, information regarding the adaptive genomic landscape of the American chestnut
was lacking and methods were not available to estimate the number of trees necessary to
sample from wild populations to inform germplasm and breeding plans. Therefore, the seed
zones identified here, which represent areas of homogeneity relative to the chestnut adaptive
genotypes, will be used as sources of germplasm and regions for reintroduction. We found
that 18,483 SNPs were significantly associated with climate, that three seed zones best sep-
arates the chestnut range into unique regions of adaptive diversity, and that fewer trees will
need to be sampled from the southern seed zones to capture the same proportion of adaptive
diversity as the more northern seed zones — likely due to the more heterozygosity present in
the southern portion of the chestnut range. Future work will need to estimate genomic diver-

sity already present in the backcross breeding program, and to develop a breeding strategy
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to introgress additional adaptive diversity from the subsampled individuals into the back-
cross program. Additionally, evaluations should be done to estimate candidate regions for
reintroduction of these locally adapted, disease-resistant populations to survive current and
future climate conditions. Future breeding simulations will be performed which utilize the
sampling estimates and adaptive genomic dataset developed here — leading to the develop-
ment of locally adapted and disease-resistant populations for the restoration of the American

chestnut.



Chapter 4

Estimating the wild adaptive genomic
diversity captured within backcross

populations

4.1 Introduction

The American chestnut (Castanea dentata) is a deciduous tree native to the eastern United
States and southeastern Canada. Introduction of an invasive fungal pathogen, chestnut
blight (Cryphonectria parasitica), decimated wild populations, which are now considered
functionally extinct. Since the late 1980’s, The American Chestnut Foundation (TACF) has
worked to develop disease-resistant American chestnut populations to rescue the species.
These backcross populations were created by crossing disease-resistant Chinese chestnut
(Castanea mollissima) with wild American chestnut. The hybrid offspring were then back-
crossed to wild American chestnut trees over several generations, with the eventual goal of
trees that are 15/16 American chestnut and 1/16 Chinese chestnut, retaining most American
chestnut phenotypes but having captured blight-resistance from the Chinese chestnut great-
great grandparent [115]. While some families approach this goal, albeit with a greater C.
mollissima ancestry than originally envisioned, [129], the extent of wild C. dentata adaptive

diversity they comprise is unknown.

58
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To support development of a breeding plan that leverages the information gained about
the adaptive diversity in wild populations (Chapter 3), we sought to characterize adaptive
genomic diversity already captured within the TACF backcross breeding program. Previ-
ously, genotyping-by-sequencing (GBS) of >4,500 backcross trees was completed to evaluate
their ancestry and disease susceptibility [129]. While GBS is sufficient for estimating ances-
try, it does not provide enough genome coverage to obtain comprehensive genomic diversity
estimates [71], and for capturing the putatively adaptive loci that were previously identi-
fied in wild American chestnut (Chapter 3). Thus, whole-genome sequencing (WGS) must
be performed for TACF backcross samples to properly estimate genomic diversity and the

proportion of wild adaptive genomic diversity captured.

In this study, we performed WGS on 371 TACF backcross and wild chestnut trees to: 1)
estimate wild adaptive diversity captured within the backcross populations and 2) estimate
the best regions for reintroduction of the backcross samples based on their adaptive geno-
type. We used the 18,483 putatively adaptive loci as a reference for wild American chestnut
diversity from Chapter 3. These results will provide the foundation for developing a breeding
plan for diversifying the current disease-resistant chestnut populations with wild American
chestnut genotypes — leading to locally adapted and disease-resistant chestnut populations

for reintroduction.

4.2 Methods

4.2.1 Whole-genome sequencing and bioinformatics

Leaf samples were collected from 371 TACF orchard trees and the DNA was extracted using

the Qiagen DNAeasy Plant DNA extraction kit. Library preparation and whole-genome se-
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quencing were performed at Duke University Center for Genomic and Computational Biology
using an [llumina NovaSeq 6000 and four sequencing lanes. This included 269 backcross trees,
25 large-surviving (LSA) American chestnut trees, and 76 wild disease-impacted American

chestnut trees.

Bioinformatic analyses were performed on Virginia Tech’s Advanced Research Computing
system. SNP calling was performed using a custom pipeline based on the Genome Analysis
Toolkit (GATK) best practices [120]. The fastq files were first aligned to the American
chestnut reference genome using Burrows-Wheeler Aligner (BWA) mem with the -M and -R
option ([67]; Castanea dentata v1.1; http://phytozome-next.jgi.doe.gov/). Then, the SAM
files were converted to sorted binary files (BAM) and indexed using SAMtools [33]. To
remove PCR duplicates, the Mark Duplicates tool from picard was used [1]. The GATK
HaplotypeCaller algorithm was used to identify SNPs and INDELs per chromosome [75, 91],
and the individual chromosome GVCF files were combined using GatherVcfs for each sample.
GVCF files for all samples were then simultaneously input into the GATK GenotypeCaller
algorithm to generate a raw variant call file (VCF) of SNPs and INDELs. This VCF file
was filtered for quality based on GATK best practices using GATK VariantFiltration [120].
Finally, BCFtools was used to remove INDELs, multi-allelic SNPs, and sites with high
missingness (>10% missing data) [33]. The remaining missing sites were imputed using

BEAGLE v5.4 [20].

We then generated two datasets for subsequent analyses. 1) a dataset of the shared sites
between the 18,483 adaptive loci VCF, the backcross WGS VCF, and 15 C. mollissima
samples from the species reference VCF (Chapter 2), and 2) A dataset of the shared sites
between the 18,483 adaptive loci VCF (Chapter 3) and the backcross WGS VCF. The first
dataset was used to infer the ancestry of the backcross samples. For each dataset, the

required individual VCF files were combined with BCFtools merge —merge all, and then any
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sites with missing data were removed [33]. Thus, the final datasets only contained the shared

SNPs between each VCF file.

4.2.2 Estimating wild adaptive diversity within breeding program

We first estimated the ancestry of the backcross samples at their putative adaptive loci using
the 8,354 shared SNP dataset. We included C. mollissima samples to account for the Chi-
nese chestnut ancestry within the backcross breeding program. A supervised ADMIXTURE
analysis was performed to infer the percent association of each backcross sample with the
three seed zones (Chapter 3) and C. mollissima [9]. The 356 wild American chestnut samples
and the 15 C. mollissima were input with their assigned seed zone/species information and
the backcross trees were left unassigned for ADMIXTURE to infer. Following the ADMIX-
TURE results, backcross individuals with the majority of their associations to a particular

seed zone were then assigned to that seed zone.

To estimate the amount of wild adaptive diversity within the breeding program, we performed
a linear regression of allele-frequency (AF) estimates at the shared 14,767 adaptive loci
between the 371 backcross samples and the 356 wild American chestnut samples using the
matplotlib Python package [58]. The R? value of allele frequencies provided an estimate for
the percent of the wild adaptive diversity captured. Finally, AF values were also compared

between the backcross and wild populations with a histogram of AF values.

4.2.3 Identifying local adaptation within backcross population

Since the backcross breeding population contains individuals with complex ancestry drawing
on pollen from various locations in some families, we used the deep-learning method, Locator,

to infer the unknown locations of backcross trees on the basis of the known geographic



CHAPTER 4. ESTIMATING THE WILD ADAPTIVE GENOMIC DIVERSITY CAPTURED WITHIN BACKCROSS
62 POPULATIONS

origins of the wild trees [13]. Geo-locations of the 356 wild American chestnut trees and
the =14k shared adaptive SNPs were used as input with default setting. Accuracy of the
Locator results were estimated by comparing the known locations of the wild trees within

the backcross dataset with their estimated origin.

4.3 Results

4.3.1 Adaptive diversity captured within backcross breeding pro-

gram

The American Chestnut Foundation (TACF) and affiliated state chapters have breeding
orchards located throughout the species’ historical range, but pollen collections for the core
breeding program were biased toward flowering wild trees from the central portion (Seed
Zone 2; see Chapter 3), and germplasm resulting from these crosses was shared to varying
extents with state chapter breeding programs. We therefore hypothesized that there would
be a bias toward Seed Zone 2 ancestry within the backcross samples. Indeed, ancestry for
the core TACF and central state chapter breeding program material was predominantly from
Seed Zone 2, while the Seed Zone 3 was the least represented ancestry in the sample (mean
Zone 1 ancestry = 37.4%, mean Zone 2 ancestry = 40.2%, mean Zone 3 ancestry = 8.8%),
mean C. mollissima ancestry = 13.6%). Approximately 76% of the backcross trees contained

ancestry from at least two seed zones (4.1a,b).

The allele-frequency distribution for adaptive loci in wild and backross samples, was skewed
toward medium frequency alleles in the wild population, and low frequency alleles in the
backcross population (4.1c). Nevertheless, the overall allele frequency distribution corre-

spondence was high between wild and backcross populations: =79.8% of allele frequency
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Figure 4.1: Wild adaptive diversity captured by the TACF backcross breeding program.
(a) Supervised ADMIXTURE plot of ancestry. Each individual line is a single backcross
sample. (b) Average proportion of ancestry within each assigned seed zone from backcross
samples. (c) Allele-frequency histogram at shared adaptive loci for the wild and backcross
populations. (d) Linear regression plot of allele frequencies at shared adaptive loci for the
wild and backcross populations.



CHAPTER 4. ESTIMATING THE WILD ADAPTIVE GENOMIC DIVERSITY CAPTURED WITHIN BACKCROSS
64 POPULATIONS

variation in the wild population can be explained by that of the backcross population (4.1d).

4.3.2 Matching adaptive niche of backcross trees for restoration

plantings

Due to the complex ancestry of the backcross trees, it is difficult to predict from pedigree
information alone the geography and climate to which a given tree would be best adapted.
We therefore used Locator software and the adaptive loci to estimate the seed zone to which
each tree would be best adapted. Using wild-type trees of known provenance, Locator
estimates were on averagewithin 169.82 km of their origin (4.2). The predicted locations for
the backcross trees were also compared to the known location of the most recent wild C.
dentata parent, and had an average error of 313.16 km (4.3). Assignment of backcross trees

to seed zones mostly agreed with the most recent C. dentata parent seed zone origin (85.71

)
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Figure 4.2: Locator origin estimates for a subset of backcross and wild American chestnut
trees. 100 iterations were performed and visualized here. Blue points are locations of the
356 wild American chestnut samples that were used to train Locator, and black dots are
predicted locations of a single tree for each iteration. CC-SPGCO-3-179, CC-SPGCO-3-
122, CC-SPGCO-3-142, MSC-4, and JB-C5-1 are wild American chestnut trees, while the
remaining samples are backcross trees.
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Figure 4.3: Locator predicted locations for the backcross trees and their deviation from the
location of the last breeding parent.

4.4 Discussion

In this study, our goal was to evaluate the wild adaptive genomic diversity within The
American Chestnut Foundation’s backcross breeding program, and to predict which region
the backcross trees are most adapted to inform breeding plans. To accomplish these aims, we

re-sequenced the genomes of 371 TACF orchard trees, of which 269 were backcross trees. The
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results showed that 1) adaptive genomic diversity from all three seed zones has been captured
within the backcross breeding program, but the least amount has been captured from the
most genetically diverse Seed Zone 3; 2) adaptive alleles tend to be at lower frequency in the
backcross compared with wild populations, although overall the allele frequency distributions
of wild population and backcross population are well matched; and 3) replanting regions can

be inferred using these adaptive loci for the backcross populations.

4.4.1 Adaptive genomic diversity captured within the TACF back-

cross breeding program

Beginning in the late 1980’s, The American Chestnut Foundation’s backcross breeding pro-
gram has aimed to develop disease-resistant American x Chinese chestnut hybrid trees that
retain the disease-resistant traits of the Chinese chestnut, but are not easily distinguishabel
from American chestnut in other respects. The process of developing a disease-resistant
tree involves several generations of backcross breeding these initial F'1 hybrids with pollen
from different American chestnut father trees [115]. While pollen used in backcrossing was
sourced from rare, wild, flowering trees, this haphazard sampling of wild diversity may not
have sufficiently represented the adaptive genomic content of the wild American chestnut
range. Our results suggest that the backcross breeding strategy has in fact captured much
of this wild adaptive genomic diversity. However, two aspects of our results warrant further
consideration. First, we observed some residual variance (~=20%) in the adaptive allele fre-
quency distribution between wild and backcross groups. Part of this was due to C. mollissima
ancestry, an inevitable consequence of its hybrid origins and of the hitchhiking effect that is
a consequence of selection for blight resistance. But this was also driven by a bias toward
medium-frequency alleles in the wild and rare alleles in the backcross group, and the poten-

tial for fixation of these low-frequency alleles may need to be considered in future selections
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and crosses. Second, only ~8.8% of the adaptive ancestry was associated with Seed Zone
3. This seed zone is located in the southern region of the historical chestnut range — which
was also the region with the highest overall genomic diversity [49, 104, 113]. Future efforts
to sample adaptive diversity through grafting and pollen collection should pay special focus
to this underrepresented region, as it represents a reservoir of historical diversity that has
been less affected by cyclical bottlenecks associated with Quaternary glaciation (Chapter 2),
but more specifically because it is the warmest part of the contemporary range, and likely
comprises unique alleles that will be important under climate change [114] . While Seed
Zone 3 has lower numbers of trees recommended to be sampled (Chapter 3), it would be
prudent to err on the side of caution and oversample this region when developing a breeding

plan for diversifying the backcross (and transgenic) populations.

4.4.2 Replanting locations can be predicted for backcross trees

The backcross population contains trees with diverse ancestry, with most arising from at
least two seed zones. These individuals contain ancestors from throughout the American
chestnut range, as such, determining where these trees are likely to be best adapted is a
challenge. The Locator tool was designed to infer the original location of plant and animal
samples using SNP data and a training set of individuals with known locations [13]. Our use
of Locator with a putative adaptive loci dataset should provide estimates of a tree’s origin
based on their local adaptation — leading to an estimate of the geographic origin of each
tree’s multilocus adaptive genotype, which can serve as a proxy for the best fit replanting
environment. While we found high agreement between the last American chestnut parent
seed zone and the Locator estimated seed zone for the backcross trees, we suggest that the
Locator results take precedence. This is due to the polygenic nature of climate adaptation

in American chestnut (Chapter 3), which may not be accounted for if we only consider the
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origin of the most recent parent tree. However, if genetic information is not available for a
given backcross tree, using the most recent American chestnut parent seed zone would be

the next best resource.

4.4.3 Conclusions

Our focus in this study was in evaluating the wild adaptive genomic diversity captured
within the TACF backcross breeding program to provide information for the development
of a breeding plan to diversity the backcross population. Despite the backcross population
containing adaptive genomic diversity from throughout the natural range, the least amount
was from the southern Seed Zone 3. Ensuring that restoration populations contain the Seed
Zone 3 adaptations to warmer weather and higher genomic diversity (Chapter 2; Chapter
3), when combined with the chestnut species’ preadaptation to drought conditions [14], will
lead to disease-resistant populations that are better suited to the impacts of climate change.
Future common garden studies should be performed to fully evaluate the phenotypic response

and fitness implications for the backcross trees based on its replanting location.
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Conclusions and Future Directions

In this dissertation, I presented our findings, which addressed previous gaps in knowledge
regarding the population genomics of wild and backcross American chestnut populations. I
1) estimated the genomic diversity, population structure, and demographic history of rem-
nant wild American chestnut populations; 2) revealed the genomic basis of local climate
adaptation in American chestnut, developed a novel method to make tree sampling esti-
mates for germplasm conservation, and defined unique seed zones for American chestnut
based on climate and genotype, and 3) determined the amount of wild adaptive diversity
captured by the backcross breeding program and estimated the most likely regions for back-
cross tree reintroduction. These results will inform the development of a breeding plan for

the introgression of adaptive diversity into backcross and transgenic chestnut populations.

In Chapter 2, I evaluated the population structure, neutral genomic diversity, and demo-
graphic history of wild American chestnut populations. The two genomic datasets that were
developed here will serve as important resources for American chestnut and Castanea species
studies, which revealed that the American chestnut range is best partitioned into two or three
populations. The contemporary spatial arrangement of genomic diversity within American
chestnut was likely influenced by post-glacial migration bottleneck events - leading to the
highest diversity in the southeastern United States, and decreasing diversity as latitude
increases. Population structure and migration analyses suggest that the Appalachian Moun-

tains served as a barrier to gene flow, with a potential migration route across the mountains

70
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located in northwestern North Carolina and southeast West Virginia. We identified genes
under positive selection, which suggests that defense against fungal pathogens is a com-
mon target of selection across the American chestnut range. The three populations defined
here should serve as management units for conservation plans, with a focus on preserving

germplasm from the more genetically diverse southern population.

In Chapter 3, I examined the genomic basis of local adaptation to climate in wild American
chestnut, identified unique seed zones for chestnut conservation, and made sampling recom-
mendations to capture wild adaptive diversity from each seed zone for germplasm conserva-
tion. Whole genome re-sequencing of 384 trees coupled with genotype-environment associ-
ation methods suggest the species range can be most parsimoniously subdivided into three
seed zones characterized by relatively homogeneous allele frequencies relative to rangewide
adaptive diversity. Using these data, we developed a method to estimate the number of sam-
ples required from each seed zone to recapitulate standing adaptive diversity in each seed
zone, and found that on average, 21-29 trees will need to be conserved to capture 95% of the
wild adaptive diversity. Taken together, these results will inform the development of an ex
situ germplasm conservation and breeding plan to develop locally adapted blight-resistant
American chestnut populations, and provide a blueprint for developing restoration plans for

other imperiled tree species.

In Chapter 4, I evaluated the adaptive genomic diversity captured within the backcross
breeding program and predicted which regions within the American chestnut range to which
individual backcross trees are most adapted. To accomplish these objectives, we re-sequenced
the genomes of 371 trees within the backcross orchards, which represented individuals from
unique backcross lines, large-surviving American chestnut trees, and disease-impacted Amer-
ican chestnut trees. We found that this approach incorporated adaptive genomic diversity

from throughout the natural range, and we can use this information to predict replanting
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zones that maximize the match between backcross families and adaptive genomic content.
We also found that adaptive diversity from the southern region of the chestnut natural range
is underrepresented in the backcross population, and future breeding plans should prioritize

additional sampling from this area.

Taken together, our results support the development of a breeding plan to create locally-
adapted and disease-resistant American chestnut trees. Following this work will be studies
that utilize this genomic information to define a breeding plan for the introgression of adap-
tive traits into the backcross and transgenic chestnut populations. In addition, the genomic
datasets for both the American chestnut and the other Castanea species will be an important
resource for future studies regarding the genomic relationships within Castanea and explor-

ing potential genomic adaptations that other chestnut species have for defense to chestnut

blight.

Future range-wide common garden studies should be performed to validate these results.
Representative trees can be obtained from each of the three seed zones and grown in re-
ciprocal common gardens in each zone. Existing common garden experiments for American
chestnut found phenotypic evidence of local adaptation and explored assisted migration for
the species, however, the common gardens were located in the northern limits of the natural
range [102, 107], thus were unable to evaluate the response to hotter temperatures from
different regions of the range. Climate change will lead to increasing temperatures and pre-
cipitation changes within the chestnut range. So, common garden experiments will evaluate
how chestnut trees throughout the range will cope with higher temperatures. The additional
common garden experiments would serve two purposes: 1) They would provide phenotypic
evidence for the response of American chestnut populations to varying climate conditions
(importantly, warmer conditions), and 2) determine the importance of replanting disease-

resistant chestnut trees into the seed zone which they are predicted to be most adapted.
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While chestnut trees can experience damage when grown outside of their local range [28],
long-term observations can determine how detrimental this damage can be toward a tree’s
fitness, and the impact of more rare extreme climate conditions can have on replanting lo-
cation. Ultimately, an understanding of how each seed zone responds to climate conditions
outside of their range will improve breeding plan development and the long-term restoration

of American chestnut populations.
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Figure A.1: Leaf examples from each of the Castanea species included in this study. Pic-
tured are representatives of Japanese chestnut (C. crenata), American chestnut (C. den-
tata), Alabama chinquapin (C. pumila var. alabamensis), Ozark chinquapin (C. pumila var.
ozarkensis), European chestnut (C. sativa), Allegheny chinquapin (C. pumila var. pumila),
and Chinese chestnut (C. mollissima).
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Figure A.2: Visualization of sequencing density and coverage in the filtered Castanea dentata
genomic dataset. A. Genome-wide sequencing density. Greyed regions represent 95% confi-
dence intervals. B. Mean depth per variant averaged across all samples. For visualization,
0.05% of all SNPs were excluded that had a coverage >100x. C. Mean depth per individual
averaged across all variants.
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Figure A.3: ADMIXTURE analysis suggests that widespread hybridization does not occur
within wild American chestnut populations. ADMIXTURE was performed with 384 Amer-
ican chestnut and 92 Castanea species samples. Each color bar represents the proportion of

inferred species ancestry for a sample. K = 7 was determined to be the most appropriate
cluster value.
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Figure A.4: The American chestnut population structure is characterized by an isolation-
by-distance model. The vertical black line represents the observed 0.2 value that was signif-
icantly higher than 0 (p<0.001).
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Figure A.5: The American chestnut population boundaries follow precipitation and tem-
perature gradients of the eastern U.S. The different shapes represent the American chest-
nut sample locations and population membership. A. Mean temperature of coldest quarter
(WorldClim BIO11 at 2.5m resolution). B. Annual precipitation (WorldClim BIO12 at 2.5m

resolution).
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The elevation data was retrieved from WorldClim 2.1 with 2.5m resolution. The black
line represents the American chestnut estimated migration path across the Appalachian

Mountain range from the EEMS analysis.
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Figure A.7: Estimated genetic diversity within American chestnut throughout the east-
ern United States. The orange regions represent areas of lower than expected diversity,
and the blue regions represent areas of higher than expected diversity. A loess line of
Appalachian Mountain peaks was applied in ggplot2 using peak locations obtained from
https://en.wikipedia.org/wiki/List_of mountains_of the Appalachians.
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Figure A.9: Observed heterozygosity decreases as latitude increases between the three Cas-

tanea dentata populations.

A. The northeast population has significantly less observed

heterozygosity than the central and southwest populations (p<0.001, p<0.001). The grey
triangles represent the observed heterozygosity of individual trees within each population.
B. Map of sample locations and observed heterozygosity for each sample. Each circle repre-
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Figure A.10: GO annotations for all RAiSD outlier genes for each of the three American
chestnut populations. The gene percentage was calculated by dividing the gene count for
each category by its corresponding N value.
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Table A.3: GO enrichment analysis of the unique RAiSD outlier gene set for the central
American chestnut population. The GO enrichment terms were identified as being signifi-
cantly overrepresented for the GO biological process (p<0.05).

GO ID GO Description Gene Count Expected Count Fold Enrichment P-value
GO:0050896 response to stimulus 84 54.02 1.56 4.89E-02
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Table A.4: GO enrichment analysis of the shared RAiSD outlier gene set for three Ameri-
can chestnut populations. The GO enrichment terms were identified as being significantly
underrepresented or overrepresented for the GO biological process (p<0.05).

GO ID GO Description Gene Count Expected Count Fold Enrichment P-value

GO:0050832 defense response to fungus 5 0.3 16.5 3.73E-02
GO:0008150 biological process 13 24.72 0.53 2.64E-02




Appendix B

Supplementary Materials for Chapter
3 ”Identifying and conserving the

adaptive legacy of American chestnut”

110



111

Table B.1: The 32 climate variables from ClimateNA that were used for this study and their
respective descriptions.

Abbreviation Description

Annual variables directly calculated from monthly variables

MAT mean annual temperature (°C)

MWMT mean warmest month temperature (°C)

MCMT mean coldest month temperature (°C)

TD temperature difference between MWMT and MCMT, or
continentality (°C)

MAP mean annual precipitation (mm)

AHM annual heat-moisture index ((MAT+10)/(MAP/1000))

SHM summer heat-moisture index (MWMT)/(MSP/1000))

Annual variables derived from monthly variables

DD_0 degree-days below 0°C, chilling degree-days

DD5 degree-days above 5°C, growing degree-days

DD_18 degree-days below 18°C, cooling degree-days

DD18 degree-days above 18°C, heating degree-days

NFED the number of frost-free days

FFP frost-free period

bFFP the day of the year on which FFP begins

eFFP the day of the year on which FFP ends

PAS precipitation as snow (mm). For individual years, it

covers the period between August in the previous year
and July in the current year

EMT extreme minimum temperature over 30 years (°C)
EXT extreme maximum temperature over 30 years (°C)
Eref Hargreaves reference evaporation (mm)

CMD Hargreaves climatic moisture deficit (mm)

MAR mean annual solar radiation (MJ m-2 d-1)

RH mean annual relative humidity (%)

CMI Hogg’s climate moisture index (mm)

DD1040 degree-days above 10°C and below 40°C

Seasonal variables directly calculated from monthly variables
Tave_wt winter mean temperature (°C)

Tave sp spring mean temperature (°C)

Tave sm summer mean temperature (°C)

Tave at autumn mean temperature (°C)

PPT wt winter precipitation (mm)

PPT sp spring precipitation (mm)

PPT_sm summer precipitation (mm)

PPT at autumn precipitation (mm)
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Table B.2: The environmental variable loadings on the three PC axes used for the LFMM

analysis.
pC1 PC2 PC3
RH -0.048 -0.034 0.937
Eref 0.378 0.324 -0.111
PPT wt 0416 -0.116 0.053
EXT 0.039 0472 -0.073
TD -0.437 0.01  -0.134
MAR 0.443 0.006 0.027
PPT sm 0.351 -0.256 -0.156
CMI 0.132  -0.498 0.111
AHM -0.119 0.487 0.156
DD 18  -0.373 -0.326 -0.148
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Table B.3: Number of single-nucleotide polymorphisms (SNPs) in coding and noncoding
features. Three datasets were evaluated: Adaptive (18,483 putatively adaptive SNPs from
the GEA analyses), Random (randomly selected SNPs with allele frequency distribution
matched to the adaptive set), and Full (original filtered SNP dataset from Sandercock et al.
[104] with MAF<0.05 filter). The promoter region includes the 2kb region upstream of the
mRNA intervals. Percentage of the total SNPs for each feature are shown in parentheses.

Adaptive Random Full

Number of SNPs in CDS 264 (1.43%) 619 (3.35%) 377161 (3.27%)
Number of SNPs in exon 435 (2.35%) 991 (5.36%) 611402 (5.30%)
Number of SNPs in five_prime UTR 69 (0.37%) 141 (0.76%) 89577 (0.78%)
Number of SNPs in three prime UTR 104 (0.56%) 236 (1.28%) 150477 (1.31%)
Number of SNPs in mRNA 2120 (11.47%) 3462 (18.73%) 2102039 (18.24%)
Number of SNPs in promoter 1309 (7.08%) 1830 (9.90%) 1154261 (10.01%)
Number of SNPs in gene 2120 (11.47%) 3462 (18.73%) 2102039 (18.24%)
Number of SNPs in intron 1712 (9.26%) 2537 (13.73%) 1528332 (13.26%)

Total SNPs in dataset 18483 18483 11526713
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Table B.4: Estimated number of samples to capture adaptive diversity from each seed zone

for a two seed zone model.

Seed zone % variance explained # of trees to sample 95% CI

1 90% 16.73 (15.69, 17.77)

2 90% 11.05 (10.13, 11.97)

1 95% 34.12 (31.90, 36.34)

2 95% 21.91 (20.11, 23.71)

1 99% 167.56 (156.37, 178.75)
2 99% 107.37 (100.20, 114.54)
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Table B.5: Estimated number of samples to capture adaptive diversity under a single seed
zone model. The estimate for the 99% variance explained did not complete due to excessive

run time.
Seed zone % variance explained # of trees to sample 95% CI
1 90% 26.86 (24.55, 29.17)
1 95% 55.89 (51.01, 60.77)
1 99% DNF DNF
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Figure B.1: Ten uncorrelated climate variables were selected for use in the genotype-
environment association analyses. Pairs plot of the selected 10 environmental variables.
The bottom half are regression plots and the top half are Pearson’s correlations.
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Figure B.2: Three PC axes were used as synthetic variables for the LEFMM genotype-
environment association analyses. Pairs plot of the selected 10 environmental variables
and the first four PCs from the PCA of the 10 climate variables. The bottom half and top
half are linear regressions between the variables.
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Figure B.3: The number of genes that contained at least one adaptive loci within each
Castanea dentata chromosome. Scaffolds that did not contain genes with adaptive loci were
omitted from the figure.
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Figure B.4: Gradient Forest adaptive allelic turnover for each of the ten climate variables
and 18,483 putatively adaptive loci. Spikes in the binned split importance reveal where
changes in adaptive allele density are occurring along each climate gradient.
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Figure B.5: Venn diagram for the 18,483 adaptive loci identified using RDA and LEMM. For
LFMM, only the SNPs from the PC1 and PC2 analyses are shown due to the PC3 analysis
finding zero outlier loci.
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Figure B.6: AIC score evaluation to determine optimal number of seed zones.
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Figure B.7: BIC score evaluation to determine optimal number of seed zones.
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Figure B.9: Variance explained scores to determine optimal number of seed zones.
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