ABSTRACT
PAIS, ANDREW LABEL. Molecular Characterization of Local Adaptation of Natural
Flowering Dogwood Population€(florida) to Fungal Pathogens and Environme&tiakss
(Under the direction dDr. Qiu-Yun (Jenny Xiang).

Next-generatiorsequencingnd untargeted metabolite markers offer promising
contributions for the study of natural diversity at the genetic, phenotypic, and species level.
In particular, the study of ecologically valuable rondel systems has advanced because of
the rapidly decresing costs to obtain large higjuality genomic data for many biological
replicates. In the presence of both natural and anthropogenic changes to the environment,
evolutionary ecologists are able to better characterize and monitor the health of natural
populations via estimates of genetic diversity, phenotypic diversity, and quantitative
measures of abiotibiotic pressuredn the study othe flowering dogwood tre€Cprnus
florida L.), the focal species of this dissertation, innovations in the colleatidranalysis of
molecular marker data haaided in identification o$pecific genomic regiorthat may be
responsible for or associated with functionally adaptive traitgoehemicalkraits, which
are important to plant defense and interaction withrathganismsgan now be characterized
with high-throughput.C-MS methoddor studyng the influence oecologicalpressurege.g.
abiotic stress and fungal pathogeos plant heah and secondary metabolisrelationships
of genetic angbhytachemical divesity, and the ecology of pathoglnstand herbivoreplant
relationshipsWe are interested imow natural populations of flowering dogwodusve
respon@dto different environments includingariable degrees of soil leaching, héght
intensity, and dyught as well as different assemblages of fufgelr pathogens within the
phyllosphereof C. florida (inside and on leaf surface). Additionally, | have testedeffects

of genetic variation and environmental factors on phytochemicaisity (measurd by



untargeted metabolomics profiling). Among sampled populations facing varying abiotic
biotic selective pressures, | have found highly differentiated alleles putatively under positive
selection and chemical biomarkers predictive of plant health anasdis€hgatterns of

genetic and chemical variatiocandidate locunder selectiorandchemicalbiomarkers
represenhew discovery and evidenoélocal adaptations i€. florida. The evidence

provided will informconservation and futurecologicalgenonic research on the flowering
dogwood treeBy prioritizing the conservation of genetic diversity in natural populations of
C. florida, intraspecific functional diversity may be preserved along with biodiversity

associated with the species.
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Andrew Pais was born in Atlanta, Graised in Knoxville, TN andhassince lived in
several townglong F40. One notablstop was Nashville, TNwhere Andrew received a
Bachel or 6s d d&ygmversgty im200%Ahadbacdneena bnviabletalent of the
underground country musicscekko wever , musi c was not enough
wonder of the world so he dedicated the remainder of his attention to gcistéeaching
biology in GreensbordNC and then specializing Plant Biology as part of Dr. Jenny
X'i aslap @t North Carolina State University.

According toAndrewd parents, Andrew acquired an inquisitive mindset very early in
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suchasiCan God create a béAduddewdéOshabnbei oasnaguce
gradually evolved into aacquirediberal smugness as an undergraduate studying
evolutionary biologyAlong the way he beoae fond ofthe Judaic concept dfkkun olam
which (according to one interpretatiampndites mankindo uncover hidden divine sparks
that God has seeded throughout the material universe. For Andrew, this calling translated
into researching any aspect of the Treeitd presented to himAt this point in time,
Andrew has had the great privilege and honor to unlock light from three previously shaded
leaflets(generaPhiladelphusFothergilla, andCornug, and much more discovery is on the

way.
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Figure2.7 Density plot of samples represemfidiscriminant analysis of principal
components (DAPC) results with groups defined as samples that are healthy (green) or
diseased (red). (B) Loading plot showing metabolites contributing most for distinguishing
Figure2.8 Top results of biomarkers indicative of healthy or diseased plants from three
distinct analytical methods: (A) Partial least squares discriminant analysisYR),$B)
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Figure 3.2 Multiple correspondence (MCA) results and summary eksitith evidence of
dogwood anthracnose. (A) MCA was done on categorical data of dogwood anthracnose
occurrence (i.e. contaminant sequence thresholds, visual observation of disease per site, and
county reports) to obtain reducd@nension scores spanniray (negative) and high

(positive) evidence of a collection site having dogwood occurrence. (B) Visually disease
sites were compared to visually diseased sites in regards to the proportion of contaminant
sequences (record per site) to verify eficacgafsidering contaminant sequences uniquely
aligned to genome disculadestructiva (dogwood anthracnose) for characterizing disease
occurrence. Asterisk indicates mean for visually diseased sites was significantly greater than
Figure3.3PCA based on bioclim variable set reduced of collinearity (variance inflation
factors below 10 for remaining variables). Different color points indicate samples belonging
to different ecolgical regions, and dotted lines demark separation of two biological clusters
according to the K=2 model of population genetic structure (unable to clearly demarcate
biological clusters by K=% models). Overlay of joiAbiplot shows remaining bioclim

variables after reducing collinearity of variables, and length of each line is proportional to its
relative degree of correlation to the two main principal component axes. Bioclim variables

(Hijamset al. 2005;http://www.worldclim.org/bioclin) include: mean diurnal temperature

range (Bio2), temperature seasonality (Bio4), max temperature of warmest week (Bio5),
mean temperature of wettest quarter (Bio8), mean temperature of driest quarter (Bio9),

precipitation ofdriest month (Biol4), precipitation of seasonality (Biol5), and precipitation
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Figure3.4 STRUCTURE and discriminant analyses of principal components (DAPC) plots
(left and middle columns) withpatial context of the latter genetic structure results (right
column). Each row corresponds to four best genetic cluster models (K=2, K=3, K=4, and
K=5). STRUCTURE plots show cluster assignment probabilities per individual. Using the
same color for each o@sponding cluster, middle panel depicts the genetic distance
relationships between estimated clusters. According to mean DAPC probabilities of
membership per site (as seen on right panels), much of yellow cluster overlaps with
populations near or west tife Mississippi Valley (Fig. 3.1) while the blue cluster
consistently overlaps with both the eastern-Bontinental ecological subregion (Fig. 3.1)
and the known range of dogwood anthracnose (Fig.B.&8)¢ é é é € € é ..é é . .132
Figure 3.5 Comparison of rafeed-allelic richness between collection sites in counties with
verified reports of dogwood anthracnose and collection sites in counties with no reports of
dogwood anthracnose. Collection sites with samples sizes of four or greater visualized for

compariso. Relatively low rarefiedhllelic richness of collection site FRO is attributable to

/////////////////
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Figure 3.6 Comparisons of genetic diversity between samples in areas with no (blue) or some
evidence of disease occurrence (red), as defined by different disease occurrence categories
(i.e. contaminant sequence thresholds, visual observation of disease per site, and county
reports). Genetic diversity characterized by estimates of (A) observedzyefesity, (B)

expected heterozygosity, and (C) nucleotide diversity. Genetic diversity of all samples (grey)
also represented for each comparidtihile trends indicate that samples in areas with no
evidence of dogwood anthracnose disease often have lgghetic diversity, overlapping

Figure 3.7 Discriminant analyses of principal components (DAPC) based on definition of
healthy (blue) and diseased (red) groups. Defingiof healtkdisease categories include a
sample (A) occurring in a site with visual absepecesence of disease, (B) occurring in a site
that has record of contaminant sequences balmwve the designated threshold of 0.1%, or

(C) a sample existing in@unty with absence or verified occurrence of dogwood
anthracnose. Panels D, E, and F depict SNP loci (identifiers listed in Table 3.5) and their
relative contribution (vertical bars) for differentiating healthgeased levels of each
corresponding DAPClept (A and D; B and E; C and F). SNPs contributions above four
standard deviates from the mean SNP contribution (indicated by horidastaéd line in

///////////////

grey) were deemed significaiit.é € é e € € é € € éé e éé..eéeéé .éé .135
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Figure 3.8 Gradient forest plots ofllalic turnover patterns along (A) latitude, (B) longitude,
and (C and D) an incidence gradient of disease estimated from multiple correspondence
analysis of three categorical variables of disease occurrence evidence. The cumulative
importance (responsenable) is graphed for each line function representing an allele and its
turnover pattern along a given gradient. Allele functions are calculated using minor allele
frequencies of collection sites from genetic diversity analyses (A, B, and C) or (D) are
cdculated by preseneabsence of the minor allele for all 289 samples. Interesting candidate
SNP$ highly predictive for assigning samples into areas of disease abssnaeence or
significantly associated to the MCA disease gradient or other abiotidaisfl FMM and
EMMAX resultsp were highlighted different colors in parts A, B, C, and D if they had
notable patterns of allelic transition. In panel E, the cumulative importance pattern of all 72
candidate SNPs (orange) is contrasted to patterns of diwveutaportance inferred from all
1,078 SNPs (black). Transition zones of particular candidate SNPs are visualized in a spatial

context (panel F) corresponding to the colors of highlighted candidateiSN&sels

Figure 3.9 lllustration of candidate GBS loci alignment@o florida genome scaffold
010471F. Dotted lines represent relative location of candidate SNPs. Blue diagram represents

locus identified by a prior and independent study. Box highlightedsichfa represents

//////////////////

Xix



Figure4.1(A) Map of sampling locations across Flowering Dogwad@drfus floridg range

(gray), including: Ozark/Ouachita gallery forests (Missouri; maroon), Mixed Vidtends

(Michigan and Ohio; yellow), Appalachian mountains (North Carolina; red), Piedmont
subpopulations (North Carolina and South Carolina; green), and eastern Coastal Plains
(North Carolina, South Carolina, and Florida; orange). Counties highlighted mave

verified reports of dogwood anthracnose, according to US Forest Services whereas sites with
visual observation of anthracnose disease (e.g. leaf blotting and necrosis) are indicated with
triangular arrows. Climatic relationships of sampling sitegicted as (B) PCA of

bioclimatic variables. Variable set reduced of collinearity prior to PCA is depicted as joint
biplot with line lengths proportional to degree of correlation to top two principal components.

Bioclim variables littp://www.worldclim.ord) include: mean diurnal range of temperature

(Bio2), temperature seasonality (Bio4), warmest month maximum temperature (Bio5), mean
temperature of wettest quarter (Bio8), mean temperature of driest quarter (Bio9), driest
month precipitation (Bio14), preatation seasonality (Biol5), and precipitation of warmest
guarter (Biol8). (C) Tinted hillshade terrain overlay to represent elevation. Darker green
shades represent locations closer to sea level while darker @taaded regions are at

higher elevations é ¢ € é ¢ €6 é ¢é . é.éeéécéécéecéeéeée. . 166.
Figure4.2Workflow to determine proportion of total pairetid sequences aligning uniquely

to genome oErysiphe pulchraor Discula destructivaUnique alignments to either fungal

pathogen applied to RDP classifielddUNITE ITS database to obtain operational taxonomic

,,,,,,,,,,,,,,,,,,,,,,,,,

XX



Figure4.3Notched boxplot representing differences in the proportion of GBS sequences
uniquely aligned to either (A) the genomeko§/siphe pulchrgpowdery mildew) or (B)

Discula destructivgdogwood anthracnose). Boxplots depict minimum and maximum values
(whiskers), outliers (dots), first quartile, median, and third quartile. The notches in each box
correspond to the 95% confidence interval of eaedian value, and the width of each box
corresponds to the square root of the sample size for each collectiérésiteé é . € 168
Figure4.4 Comparison of fungal specHmsvel operation taxonomic units (OTUs) between

(A) 64-128bp GBS sequence matches to UNITE database, (B) 6228bp GBS sequence
matches to Warcup ITS database, and (C) Megablast results frorfirRe&CR of ITS

region from Miller et al. 2016. Taxonomic ranks from this study (A and B) underlined in
crimson if presence of fungi taxa confirmiediteratureé € .............ccccccoviiiiiennnennns £.169
Figure4.5 Genuslevel fungal operational taxonomic units (OTUs) and their relative
abundances (out of all GBS sequence matches to fungi from UNITE ITS database) within
eachCornus floridasamping site. Each site is prefixed by its US state of origin and followed
by a unique identifier as reported in Table 4.1. Heatmap generated from RDP classifier

results using (A) UNITE ITS database and (B) Warcup ITS dataliage.é € ..é é é 170
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Figure4.6 Bar graphs depicting fungal community composition differences bet@eemus

florida sampling sites with any visual evidence of anthracnose disease in early spring and
summer (i.e. leaf blotting, necrosis, or branch dieback) and sites with no visual ewtience
anthracnose disease. (A) we particularly note proportional differences idestaksperation
taxonomic units (OTUSs) for Leotiomycetes (blue) and Sordariomycetes (orange) since those
taxa include powdery mildew and dogwood anthracnose, respectBel@omparison of the
mean proportion of total GBS sequences per sample aligned exclusively te&eyiphe
pulchra(powdery mildew; blue) obiscula destructivgdogwood anthracnose; orangd)/1
Figure4.7 Regressions of the proportion of total sequesnaligning uniquely tBiscula
destructivavs. either predictors: (A) mean temperature of month sampled or (B) PCA

component 1 scores derived from set of bioclim variables (envPC1,;

http://www.worldclim.org reducel of collinearity (VIF < 10). Both predictors were
incorporated into best multivariate model (based on AIC) to predict proportion of total
sequences aligning uniquely@Dascula destructivguntransformed response) vs. either (C)
mean temperature of morsampled or (B) envPCL1. For prediction plots of the best
multivariate model, the predictor not depicted on tfaxis was held constant at its median

value. Additional details of best model in Tabled.2. ¢ é ¢ é ¢ é é é é é é é . 172
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1 | INTRODUCTION

Understanding ecological pressures and their evolutionary impacts
on natural tree populations represents an active research field in

Abstract

Discovering local adaptation, its genetic underpinnings, and environmental drivers is
important for conserving forest species. Ecological genomic approaches coupled with
next-generation sequencing are useful means to detect local adaptation and uncover its
underlying genetic basis in nonmodel species. We report results from a study on flower-
ing dogwood trees (Cornus florida L.) using genotyping by sequencing (GBS). This species
is ecologically important to eastern US forests but is severely threatened by fungal dis-
eases. We analyzed subpopulations in divergent ecological habitats within North
Carolina to uncover loci under local selection and associated with environmental-func-
tional traits or disease infection. At this scale, we tested the effect of incorporating ad-
ditional sequencing before scaling for a broader examination of the entire range. To test
for biases of GBS, we sequenced two similarly sampled libraries independently from six
populations of three ecological habitats. We obtained environmental-functional traits
for each subpopulation to identify associations with genotypes via latent factor mixed
modeling (LFMM) and gradient forests analysis. To test whether heterogeneity of abi-
otic pressures resulted in genetic differentiation indicative of local adaptation, we eval-
uated F, per locus while accounting for genetic differentiation between coastal
subpopulations and Piedmont-Mountain subpopulations. Of the 54 candidate loci with
sufficient evidence of being under selection among both libraries, 28-39 were Arlequin-
BayeScan F outliers. For LFMM, 45 candidates were associated with climate (of 54), 30
were associated with soil properties, and four were associated with plant health.
Reanalysis of combined libraries showed that 42 candidate loci still showed evidence of
being under selection. We conclude environment-driven selection on specific loci has
resulted in local adaptation in response to potassium deficiencies, temperature, precipi-
tation, and (to a marginal extent) disease. High allele turnover along ecological gradients

further supports the adaptive significance of loci speculated to be under selection.

KEYWORDS

Cornus florida, genotyping by sequencing, local adaptation, single nucleotide polymorphisms

evolutionary ecology and is important to conservation of forests.
There is little debate abiotic and biotic stressors can result in local ad-
aptation and lead to evolutionary divergence of populations via isola-
tion by adaptation (IBA) (Nosil, Funk, & Ortiz-Barrientos, 2009). Local
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adaptation occurs widely in plants and animals, but the genetic basis
is generally poorly understood (Fraser, Weir, Bernatchez, Hansen, &
Taylor, 2011; Hereford, 2009; Leimu & Fischer, 2008). Studying the
genetic basis of local adaptation, ecological factors driving divergent
selection, and genetic differentiation of natural populations pro-
vides insights into how species may respond to future environmental
changes, such as exotic pathogens, increasing deforestation, and fu-
ture climate change (Fisichelli, Abella, Peters, & Krist, 2014). Answers
to these questions are clearly relevant to conservation management
of forest tree species.

We explore how environmental differences have influenced and
will continue to drive evolution of natural populations of flowering
dogwood trees (Cornus florida L.) using a population landscape ge-
nomic approach with genotyping-by-sequencing (GBS) data. Cornus
florida is threatened by fungal pathogens, especially by powdery mil-
dew (Li, Mmbaga, Windham, Windham, & Trigiano, 2009; Mmbaga,
Klopfenstein, Kim, & Mmbaga, 2004; Windham, Trigiano, & Windham,
2005) and dogwood anthracnose (Redlin, 1991; Trigiano, Caetano-
Anollés, Bassam, & Windham, 1995; Daughtrey, Hibben, Britton,
Windham, & Redlin, 1996; Zhang and Blackwell (2002); Holzmueller,
Jose, Jenkins, Camp, & Long, 2006). The species is also subjected to
abiotic environmental heterogeneities, such as variation in soil-nutri-
ent composition and moisture, precipitation, temperature, different
length of growing season, and exposure to sunlight, across its natu-
ral distributional range in eastern North America (Chellemi, Britton,
& Swank, 1992; Holzmueller, Jose, & Jenkins, 2007; Kost & Boerner,
1985; Townsend, 1984). These variables may have resulted in local
adaptation, for example, varying in flowering time from the coast
to mountain regions (USA National Phenology Network). Additional
background on the species is described in Supporting Information
(Flowering Dogwood Background).

Population genomic and landscape ecology approaches (Anderson,
Willis, & Mitchell-Olds, 2011; Sork et al., 2013) provide means to de-
tect local adaptation and loci responding to ecological forces of se-
lection. Local adaptation can be revealed by genetic differentiation
among populations at F, outlier loci from contrasting environments as
well as genetic correlation with environmental variables (Savolainen,
Lascoux, & Merild, 2013). The application of genomewide genetic
markers (produced from next-generation sequencing) to identifica-
tion of truly adaptive loci still poses many challenges as a result of
missing data from sequencing bias or sampling error. While limitations
of analytical frameworks have been addressed using simulated data
and through comparisons of methods (Lotterhos & Whitlock, 2014,
2015; Mita et al., 2013; Narum & Hess, 2011), bias of data resulting
from next-generation sequencing has remained a serious concern for
marker-based genomic approaches such as the recent but widely ad-
opted RAD-seq and genotype-by-sequencing (GBS) methods. Biases
from such methods can contribute to frequent misidentification of
false-positive loci.

GBS and RAD-seq methods are cost-effective for sequencing a
reduced genome sample from a large number of individuals, and they
are noted for employing restriction enzyme digested libraries (RRL)
that contain DNA fragments of specific target sizes to uncover loci

with single nucleotide polymorphisms (SNPs) (Davey et al.,, 2011;
Narum, Buerkle, Davey, Miller, & Hohenlohe, 2013). Both have
been increasingly used for genetic mapping, population genom-
ics, phylogeography, and phylogenetics (Baird et al., 2008; Davey
& Blaxter, 2010; Eaton, 2014; Eaton & Ree, 2013; Gagnaire, Pavey,
Normandeau, & Bernatchez, 2013; Hohenlohe et al., 2010; Lu et al.,
2013; Qi et al., 2015; Recknagel, EImer, & Meyer, 2013; Rubin, Ree, &
Moreau, 2012). Application of GBS has demonstrated more powerful
discernment of population genetic structure compared to microsat-
ellite data and identification of more loci possibly responding to se-
lective forces (Allendorf, Hohenlohe, & Luikart, 2010; Chu, Kaluziak,
Trussell, & Vollmer, 2014; Gompert et al., 2014). While analysis of
reduced genomes using this method is promising for identifying loci
under selection, biases introduced by sequencing require cautious
treatment of data in order to minimize false positives. Prior simulated
studies have demonstrated failure to account for biases of reduced
genome sequencing may result in both type | and Il errors for detect-
ing loci under selection (Davey et al., 2013). In particular, missing
data and low coverage of SNP markers may erroneously characterize
allelic variants as highly differentiated among populations, and even
highly differentiated loci (measured by F,,) may not have true adap-
tive value (Savolainen et al., 2013). Therefore, while the capability of
genotyping large amounts of SNPs under possible selection has ad-
vanced, purging false positives from hundreds or thousands of can-
didate loci remains a bottleneck that hampers efficient exploration of
true candidate genes. One approach to minimize false positive is to
compare results from repeated and independent GBS experiments,
but this approach has not been widely adopted due to added cost
and labor involved.

In this study, we addressed the major concerns of the GBS method
(specifically, repeatability and false positives due to missing data) using
a combination of methods to more reliably identify loci under selection.
First, we incorporated replication of sampling design into our sequenc-
ing strategy. Second, we isolated candidate loci that were detected
by two FSt outlier-based methods (Excoffier, Hofer, & Foll, 2009; Foll
& Gaggiotti, 2008) and a genotype-environment association method
(Frichot, Schoville, Bouchard, & Francois, 2013; Schoville et al., 2012)
before reanalyzing them in a combined library with putatively neutral
loci. For our final set of repeatedly genotyped loci showing evidence
of local adaptation, we compared patterns of allele turnover along eco-
logical gradients to our putatively neutral set of loci using a gradient
forest (GF) approach recently applied to the field of ecological genom-
ics (Ellis, Smith, & Pitcher, 2012; Fitzpatrick & Keller, 2015). Our main
questions are as follows: (1) Has the species evolved local adaptation
as a consequence of environmentally heterogeneous ecological pres-
sures? (2) Which SNPs are likely to be candidates under selection? (3)
Which environmental gradients are most important to genetic diver-
gence and local adaptation of C. florida populations if any? (4) What
genetic predisposition does C. florida possess to adapt to ongoing
climate change in North Carolina? (5) And how does repeated GBS
experimentation influence final results? The latter question is of ut-
most importance to researchers incrementally expanding sequencing-
based investigations across increasing portions of a taxon’s range, and
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as such, we primarily report findings within North Carolina as part of a
broader effort to characterize adaptive variation throughout the flow-
ering dogwood range.

2 | MATERIALS AND METHODS

2.1 | Site selection

The natural range of C. florida comprises distinct and heterogeneous
environments—spanning as far as north as Maine and occurring as a
disjunct subspecies along the Sierra Madre Oriental; as such, various
biotic and abiotic stressors have varied effects on the species in dif-
ferent ecoregions. Although ongoing research is underway to cap-
ture the full range of adaptive variation in C. florida, North Carolina is
well suited for initial study as it encompasses three ecoregions with
distinct environments spanning a range of longitudinal-elevational
gradient similar to conditions of northern and southern portions of
the species range (Wells, 1932). Therefore, we selected six popula-
tions within North Carolina, USA, representing divergent habitats
and environments (Figure 1). These sampling areas represented
mountains from within and around the Great Smoky Mountains
National Park (GSMNP/SM) and Pisgah National Forest (Pl), the
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Piedmont from Duke Forest (DK) and Umstead State Park (UM), and
the Coastal region from Croatan National Forest (CF) and the Nature
Conservancy site of Nags Head Woods Preserve (TNC/NW). These
sites occurred along similar latitudes and represented the three dis-

tinct ecological regions of North Carolina (Figure 1, Table 1, Figure
S1). Sampling sites were selected with consideration of their remote-
ness from developed areas to minimize the probability of studying
cultivated trees. Due to high heterogeneity in elevation at small dis-
tances within mountainous regions, two mountain populations were
each subdivided into two sampling sites. Two mountain locations for
sampling were within national park and forest boundaries. Two other
mountain locations were in close proximity to protected areas and
were previously monitored for dogwood anthracnose disease by the
NC Forest Service-Forest Health Branch (Table 1; Figure S2). As the
North Carolina Piedmont has been substantially developed, we chose
two natural and relatively undeveloped locations (DK and UM). Our
locations for sampling along North Carolina’s coast were limited to
upland mesic forests because flowering dogwoods rarely occur in
the pocosin and other wetland communities of the mainland coast
and outer banks. Environmental similarities of sites within ecologi-
cal regions and differences of sites between ecological regions were
confirmed by environmental data.
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FIGURE 1 Map of sampling locations across North Carolina coast, Piedmont, and mountain regions—including the Great Smoky Mountains
(SM), Pisgah Forest (PI), Duke Forest (DK), Umstead State Park (UM), Croatan Forest, and Nags Head Woods Ecological Preserve (NW). Bottom
right inset represents entire range of Cornus florida subsp. florida sampled for broader range study
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TABLE 1 Location and population summary statistics of sampled subpopulations within each ecological region of North Carolina

Subpopulation Region GPS coordinates

Sample H H,

5 5 Nucleotide diversity

Library 1 dataset 82,697,746 paired reads 157,087 unfiltered loci 2,983 filtered loci 30.03x coverage

Great Smoky Mountains Mountains 35.57,-83.34
35.56, -83.31
35.51, -83.30
Pisgah Forest Mountains 35.49,-82.63
Umstead State Park Piedmont 35.84,-78.76
35.87,-78.76
Duke Forest Piedmont 36.00, -78.97
Croatan Forest Coastal Plains 35.03,-77.14
34.82,-77.15
Nags Head Woods Coastal Plains 35.99, -75.67

Library 2 dataset 99,062,919 paired reads 151,271 unfiltered loci 2,764 filtered loci 34.57x coverage

Great Smoky Mountains Mountains 35.24,-83.24
Pisgah Forest Mountains 35.25,-82.74
Umstead State Park Piedmont 35.84,-78.76

35.87,-78.76
Duke Forest Piedmont 36.00, -78.97
Croatan Forest Coastal Plains 35.08,-77.14

34.82,-77.15
Nags Head Woods Coastal Plains 35.99, -75.67

2.2 | Environmental variables

Three ecological regions from which natural populations were sampled
are known to differ in temperature, rainfall, soil type, and disease inci-
dence. Differences between mountain, Piedmont, and Coastal Plains
regions of North Carolina were recorded with field-site measure-
ments. Environmental variables from each region were represented
by data collected from two subpopulations, and each subpopulation
consisted of one or two sites of 30 or 15 individual trees, respectively.
Field measurements and soil cores were obtained in close proximity
to each tree sampled, and the majority of sampled trees were spaced
at least five meters apart within each subpopulation. With genotype
evidence later obtained (see Genotyping and Data processing), relat-
edness between individuals was checked using PLINK (Purcell et al.,
2007) to ensure environmental data affiliated with clonal or sibling
pairs were excluded.

Environmental measurements included elevation, proximity to
water, canopy coverage, and 15 soil core features (Table S1 Appendix)
and were recorded at sites during sample collection (described in
Environmental Variables, Supporting Information). Additional environ-
mental data (soil classification, temperature, precipitation, frost-free
period, and length of growing season) were obtained via GIS (see GIS
Resources, Supporting Information). We note further in Supporting
Information that the size of our environmental dataset was reduced for
certain analyses, namely GF analysis. As collinearity among variables
and its effect on the random forest algorithms (that GF is an exten-

sion of) are not fully understood, we safeguarded against any possible

15 0.2591 0.2795 0.2899
16 0.2524 0.2761 0.286

16 (-2) 0.2704 0.28 0.2908
19 0.2399 0.2547 0.262

15 0.2652 0.2839 0.2944
15 0.2838 0.2907 0.3013
15 0.278 0.2872 0.2976
15 0.2529 0.2821 0.2926
13 0.2745 0.2901 0.3021
11 0.235 0.2673 0.2814
15 0.2494 0.2863 0.2971
15 0.2859 0.283 0.2932

problems by reducing the number of collinear pairs of environmental
variables. Prior to reduction of collinearity for GF (Additional Validation
of Environmental and SNP Data, Supporting Information), our envi-
ronmental dataset consisted of 12 variables (Table S1 Appendix), ex-
cluding 15 soil core measurements and soil types from the USGS soil
classification scheme.

2.3 | Functional traits

Two functional plant traits, plant health and leaf osmotic poten-
tial, were measured in this study. Plant health was measured dur-
ing plant collection. We measured the health condition of every
sampled tree using a visual estimation method (Mielke & Langdon,
1986) employed previously by forest health monitors. Individuals
were scored for one of five categories based on twenty percentile
increments of tree canopy displaying symptoms of disease infection
(e.g., leaf blotting, necrosis, or branch dieback). Individuals rated
with a score of five exhibited minimal or no stress (0%-20% canopy
infection), while individuals with scores of one had almost no living
or disease-free foliage (80%-100% canopy infection). In addition,
we employed an alternative binary scoring system that recorded
scores of four and five as one and anything below as a score of zero.
After assigning each tree a health score, at least four branch cut-
tings were taken from the majority of sampled trees (except some
mountain trees with substantial branch dieback) and transported
to the laboratory for leaf osmotic potential measurements using an
osmometer.






