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Abstract

Intraspecific genetic variation in foundation species such as aspen (Populus tremu-
loides Michx.) shapes their impact on forest structure and function. Identifying genes
underlying ecologically important traits is key to understanding that impact. Previous
studies, using single-locus genome-wide association (GWA) analyses to identify can-
didate genes, have identified fewer genes than anticipated for highly heritable quanti-
tative traits. Mounting evidence suggests that polygenic control of quantitative traits
is largely responsible for this “missing heritability” phenomenon. Our research char-
acterized the genetic architecture of 30 ecologically important traits using a common
garden of aspen through genomic and transcriptomic analyses. A multilocus associa-
tion model revealed that most traits displayed a highly polygenic architecture, with
most variation explained by loci with small effects (likely below the detection levels of
single-locus GWA methods). Consistent with a polygenic architecture, our single-locus
GWA analyses found only 38 significant SNPs in 22 genes across 15 traits. Next, we
used differential expression analysis on a subset of aspen genets with divergent con-
centrations of salicinoid phenolic glycosides (key defense traits). This complementary
method to traditional GWA discovered 1243 differentially expressed genes for a poly-
genic trait. Soft clustering analysis revealed three gene clusters (241 candidate genes)
involved in secondary metabolite biosynthesis and regulation. Our work reveals that
ecologically important traits governing higher-order community- and ecosystem-level
attributes of a foundation forest tree species have complex underlying genetic struc-

tures and will require methods beyond traditional GWA analyses to unravel.
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1 | INTRODUCTION

Ecologically important traits are those that affect an organism's abil-
ity to survive and reproduce in natural environments (Stinchcombe
& Hoekstra, 2008). Despite the rapid advances in our understanding
of the influence of genetic variation on ecologically important traits
in non-model plants and their subsequent influence on ecological
processes, the genetic architecture (number of genes, effect sizes,
type) underlying those linkages is just beginning to be explored
(Crutsinger, 2016; Holliday et al., 2017). Incorporation of genomics
into “genes to ecosystems” science could dramatically advance our
understanding of fundamental ecological processes, inform predic-
tions of biological plasticity and adaptation to a changing world, and
guide efforts toward sustainability of natural and managed ecosys-
tems (Whitham et al., 2008).

In the early 2000s, Whitham and colleagues (Whitham
et al., 2006, 2008) proposed a framework to extend genomics to
communities and ecosystems. They suggested, then demonstrated,
that ecologically important traits of foundation species (such as Pop-
ulus species) could be the bridge connecting underlying tree genes
and genomic regions to community and ecosystem structure and
function (i.e., extended phenotypes). Extensive research on Popu-
lus species (e.g., Bailey et al., 2006; Bangert et al., 2006; Madritch
et al., 2009; Schweitzer et al., 2004) established that intraspecific
variation has heritable effects on associated communities (e.g., her-
bivorous insects, soil microbes) and ecological processes (e.g., tro-
phic interactions, litter decomposition) at the genotype level, and
is largely mediated by plant chemistry. Very few studies, however,
have endeavored to identify genes associated with the variation
in ecologically important traits that yield extended phenotypes
(Crutsinger, 2016).

Given the importance of intraspecific trait variation to tree
ecology and forest health, researchers are directing their efforts
to understand how genetic and genomic variation influences trait
variation within populations (Holliday et al., 2017). Genome-wide
association (GWA) analyses have become the premier strategy for
identifying candidate genes associated with variation in traits of in-
terest. Forest trees present formidable challenges to GWA analyses
because they are physically large, long-lived, harbor exceptional ge-
netic diversity, and often have large genomes that are difficult to
sequence (Petit & Hampe, 2006). Furthermore, many ecologically
important tree traits have complex genetic architectures, often with
small allelic effects on the phenotype that are difficult to detect
using GWA (Lind et al., 2018).

Human genomics research often pioneers methods, like GWA
analyses, that are subsequently used with other organisms (e.g.,
forest trees) and can be a bellwether for emerging practices in the
study of quantitative traits. Traditional GWA studies of highly her-
itable quantitative traits in humans have revealed relatively few
candidate genes with large effects (Robinson et al., 2014; Visscher
et al., 2017). As a result, ongoing discussion has focused on where
the so-called “missing heritability” might be found. Although several
non-mutually exclusive explanations have been advanced (Edwards

et al., 2014; Génin, 2020; Gibson, 2012; Maher, 2008; Robinson
et al., 2014; Young, 2019; Zhou et al., 2022; Zuk et al., 2012), the
role of polygenicity (many genes of small to moderate effect influ-
ence phenotypic variation) remains substantial. Further analyses of
human traits with unexplained heritability have shown that most
have a polygenic architecture and that rare variants may play an im-
portant (albeit smaller) role in trait variation (Hernandez et al., 2019;
Marouli et al., 2017; Visscher et al., 2017; Wood et al., 2014; Yang
et al,, 2010).

A similar story has been unfolding for forest tree species (Ing-
varsson & Street, 2011). Most forest tree GWA studies have iden-
tified relatively low numbers of significant loci, explaining a small
proportion of variation in highly heritable quantitative traits (Barker
et al.,, 2019; Bresadola et al., 2019; de la Torre et al., 2021, 2022;
Fahrenkrog et al., 2017; Hallingback et al., 2019; Lind et al., 2018;
McKown et al., 2018) with rare exceptions (Wang et al., 2018). Sev-
eral studies have begun to employ modified and complementary
methods to address potential sources of “missing heritability,” fol-
lowing the lead of human genomics research. The multilocus GWA
is one extended GWA method that can be used to assess the ge-
nomic architecture of potentially polygenic traits (Bresadola et al.,
2019; de la Torre et al., 2021). A multilocus GWA provides a way
to understand how variation in a marker set is associated with trait
variation by evaluating the effects of multiple loci simultaneously
on a given phenotype. Additionally, transcriptomic methods such as
differential expression are being used to complement GWA methods
without the need for extensive species-specific resources, which are
not available for most forest tree species (Carrasco et al., 2017). Our
study focuses on aspen (Populus tremuloides Michx.), a foundation
forest tree species. Aspen is highly genetically diverse (Cole, 2005;
Mitton & Grant, 1996) and exhibits very little population structure
across its range (Callahan et al., 2013), both ideal characteristics for
genome-wide association analyses. Aspen has the largest geograph-
ical range of all tree species in North America and is ecologically
important. As a foundation tree species, it provides food and habitat
for an estimated 500 plant and animal species, enhances biodiver-
sity, and provides ecosystem services such as carbon sequestra-
tion (Madson, 1996; Rogers et al., 2020). At the same time, aspen
faces threats from herbivory and climate change (Refsland & Cush-
man, 2021; Rogers et al., 2020).

Growth and defense traits in aspen show extraordinary vari-
ation among genets (Cole et al., 2021; Lindroth et al., 2023). In
both natural and controlled environments, aspen has exhibited
trade-offs between growth and defense under variable environ-
mental conditions (Cole et al., 2016, 2021; Cope et al., 2019, 2021;
Donaldson et al.,, 2006; Osier & Lindroth, 2006). For example,
salicinoid phenolic glycosides represent a class of secondary me-
tabolites that strongly mediate plant-herbivore interactions, are
negatively associated with growth metrics, and are largely genet-
ically controlled (Boeckler et al., 2011; Cole et al., 2021; Lindroth
& St. Clair, 2013; Osier & Lindroth, 2006). Variation in phenolic
glycosides influences performance, distribution, and abundance
of aspen-associated herbivores (Donaldson & Lindroth, 2007,
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Holeski et al., 2016; Lindroth and St. Clair 2013). At the same
time, high intraspecific competition has been shown to select fast-
growing and poorly-defended genotypes (Cope et al., 2021), that
could leave some aspen stands vulnerable to pests. How aspen
populations respond to environmental pressures has long-term
consequences for intraspecific genetic variation and associated
community structure (Barker et al., 2019; Cope et al., 2021). Thus,
an understanding of the genetic architecture of intraspecific vari-
ation in ecologically important traits (e.g., growth and defense) is
critical to their future management and conservation.

Our initial GWA analysis in this system (Barker et al., 2019) was
one of the first studies to identify specific genes associated with
plant traits that shape herbivore community composition. That work,
however, documented fewer than expected associations for highly
heritable tree traits. To that end, this current study aimed to explore
the genetic architecture underlying phenotypic variation in ecolog-
ically important traits using modified GWA and an expanded data
set. We aimed to characterize the genomic architecture (number of
genes, effects sizes, type) for 30 ecologically important growth and
defense traits in aspen using single-locus and multilocus GWA. We
also explored whether high defense-low growth and low defense-
high growth phenotypes exhibit differential expression patterns. To
answer this question, we performed a differential expression anal-
ysis on a set of aspen genets, half with extremely high and half with

extremely low concentrations of salicinoid phenolic glycosides.

2 | METHODS
2.1 | WisAsp common garden

The Wisconsin Aspen (“WisAsp”) common garden was established
in 2010 at the Arlington Agricultural Research Station (University
of Wisconsin-Madison) near Arlington, Wisconsin (USA). The source
genets were collected along a north-south transect in Wisconsin,
USA, (corresponding to the northern subpopulation of aspen, Cal-
lahan et al., 2013) and propagated via root cuttings to create the
WisAsp common garden. WisAsp contains a total of 1824 P.tremu-
loides trees distributed across four blocks using a randomized com-
plete block design and surrounded by a perimeter of additional
aspen trees (N=256). Our data collection occurred during the pe-
riod of time when trees were 4-7 years old, and the canopy was ap-
proaching closure. For detailed information about the garden design
and site characteristics see (Barker et al., 2019). Genet identity was
verified using microsatellites as described by Cole et al. (2021). A
total of 516 unique genets were identified, with an average of 3.51
replicates per genet.

2.2 | Phenotypic data

Evaluated traits were selected because of their importance to
the fitness of aspen (Cole et al., 2021; Cope et al., 2019) and their
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cascading effects on trophic interactions, community structure,
and ecosystem function (Barker et al., 2018; Rubert-Nason & Lin-
droth, 2021). Surveys of 30 traits (growth, phenology, reproduction,
indirect defense and damage, growth- and defense-related phyto-
chemistry) were carried out at WisAsp common garden each year
from 2014 to 2018. Table 1 lists the surveyed traits, provides trait
descriptions and specifies the associated publications that contain
detailed methodological information.

Detailed collection and processing for the following surveyed
traits are described by a previous publication (Cole et al., 2021). The
sex of each tree was determined through genotyping a sex-specific
marker, TOZ19 (Pakull et al., 2015). Flowering was assessed by
counting the number of flowering twigs per tree. Growth was sur-
veyed by measuring the height and diameter of each tree after each
growing season and several growth measures including volume, rel-
ative growth, and basal area increment were calculated (Table 1).
Foliar morphology and indirect defense/foliar damage were quan-
tified from digital scans of leaves collected each year in late June/
early July and early August, respectively. Leaf collection was con-
ducted on each tree by haphazardly selecting four leaves (more if
they were small) from one or more branches in each cardinal direc-
tion. Finely pulverized freeze-dried leaves were used to quantify all
foliar phytochemicals. Salicinoid phenolic glycoside concentrations
(salicin, salicortin, tremulacin, and tremuloidin) were quantified using
ultra-high-performance liquid chromatography-mass spectrometry
as reported by Rubert-Nason et al. (2018). Condensed tannin con-
centrations were quantified colorimetrically using the acid buta-
nol method described by Barker et al. (2019). Nitrogen and carbon
values were determined by near-infrared reflectance spectroscopy
and calibrated using reference values from combustion gas chro-
matography, as outlined by Barker et al. (2019) and Rubert-Nason
et al. (2013).

The following traits were not included in Cole et al. (2021) and are
further described here. Concentrations of jasmonic acid, jasmonate-
isoleucine, benzyl alcohol glucoside, and salicylic acid were quan-
tified by ultra-high-performance liquid chromatography, using the
methods outlined by Boeckler et al. (2013). These phytochemical
analyses were performed using finely pulverized freeze-dried leaves.
Phenology was assessed by recording the timing of bud break every
2-3days in the spring using a 5-point scale as described by Barker
et al. (2019). Bud break values were obtained using a local 2-degree
polynomial regression adapted from Rohde et al. (2011), where bud
break stage (e.g., 1-5 on the point scale) was the response and the
dates of observation were the predictors, to generate a prediction
equation for the date each tree reached stage three. Only predicted

values with an R?>.88 were kept.

2.3 | Genomic data

Exome sequence data for 506 genets were obtained via sequence
capture genotyping and the sequence data were aligned to the
Populus tremula v1.1. genome (Lin et al., 2018). Complete details
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TABLE 1 Description of tree traits surveyed.

Trait

Phenology
Budbreak date®

Reproduction

Flowering density®

Sex?

Growth

Initial volume?®

Volume?

Basal area®

Height®

Relative growth
(volume)®

Relative growth
(basal area)?

Basal area
increment?®

Leaf morphology

Specific leaf area®

Individual leaf area®

Years
data were
collected

2014-2017

2017-2019

NA

2012

2015-2018

2015-2018

2015-2018
2015-2018

2015-2018

2015-2018

2014-2017
2014-2017

Growth-related phytochemistry

Nitrogen®
Carbon:nitrogen®

Abscisic acid®

2014-2017
2014-2017
2017

Defense-related phytochemistry

Jasmonic acid®

Jasmonate
isoleucine®

Benzyl alcohol
glucoside®

Salicylic acid®
Salicin®
Salicortin?
Tremulacin®
Tremuloidin®

Total phenolic
glycosides®

2017
2017

2017

2017

2014-2017
2014-2017
2014-2017
2014-2017
2014-2017

Description of trait measurement

Bud break values were obtained using a local 2-degree polynomial regression
to predict when each tree had reached stage three on a 5-point scale. Then
degree day was calculated using a base temperature of 4.4°C and rank
transformed to account for year-to-year environmental variation

Number of flowering twigs were counted in the early spring each year between
2017 and 2019, representing buds formed during the previous year

Sex of each genet determined through genotyping with the TOZ19 marker
(Pakull et al., 2015)

Volume is calculated as diametertheight (dzh), which is known to correlate
well with biomass (Stevens et al., 2007). For 2012, when the trees were
too small for a diameter at breast height to be taken, basal diameter (10cm
above ground) was used

Volume is calculated as diametertheight (dzh), which is known to correlate
well with biomass (Stevens et al., 2007). For all four measurement years,
diameter at breast height (DBH) was taken at a standard height of 1.4m

Square root (best transform) of area for a given measurement year, n(d/2)?
where d is the mean of two orthogonal measurements of diameter. For all
four measurement years, diameter at breast height (DBH) was taken at a
standard height of 1.4m

Height of the tallest stem

Growth represented as the change in volume, expressed as the difference in the

natural logarithms of the volumes at two time points

Growth as difference in natural logarithms of the basal areas at two time points

Growth as basal area increment or the difference between the basal areas at
two time points

Average leaf area divided by dry mass

Individual average leaf area

Concentration of foliar nitrogen
Ratio of foliar carbon to foliar nitrogen

Concentration of foliar abscisic acid

Concentration of foliar jasmonic acid

Concentration of foliar jasmonate-isoleucine

Concentration of foliar benzyl alcohol glucoside

Concentration of foliar salicylic acid
Concentration of foliar salicin.
Concentration of foliar salicortin.
Concentration of foliar tremulacin.
Concentration of foliar tremuloidin.

Sum of salicin, salicortin, tremulacin, and tremuloidin.

Units

Degree days

Number of
flowering twigs

NA

cm

cm

cm

cm

cm
cm

cm

cm?/g

cm

Percent dry weight
NA
Percent dry weight

Percent dry weight
Percent dry weight

Percent dry weight

Percent dry weight
Percent dry weight
Percent dry weight
Percent dry weight
Percent dry weight
Percent dry weight
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TABLE 1 (Continued)

Years
data were
Trait collected
Condensed 2014-2017 Concentration of foliar condensed tannins.
tannins®

Indirect defense and damage

Mean number of extrafloral nectaries per leaf, measured using digital scans of

Percent of leaf area lost to disease, measured using digital scans of collected

Ecology and Evolution 50f 23
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Description of trait measurement Units

Percent dry weight

Density/leaf

Percent area

leaves and the leaf morphology assessment program Winfolia.

Leaf area damaged by leaf scrapers plus holes plus leaf margin removed,

Percent area

measured using digital scans of collected leaves and the leaf morphology

Leaf area damaged by both herbivores and disease: Disease + Herbivory.

Percent area

Extra-floral 2014-2017
nectaries? collected leaves.
Disease® 2014-2017
Herbivory? 2014-2017
assessment program Winfolia.
Total biotic damage  2014-2017
Resistance 2014-2017 100-total biotic damage.

2See Cole et al. (2021) for detailed methodology.
bSee Barker et al. (2019) for detailed methodology.

‘See Cole et al. (2021) and Boeckler et al. (2013) for detailed methodology.

on how the sequencing and alignment were performed for those
506 genets can be found in Barker et al. (2019) and File S1. Subse-
quently, genet verification via microsatellite analysis revealed that
10 genets had no sequence data. Those genets, plus an additional
15 genets that were omitted by Barker et al. (2019) because of
poor-quality sequencing, were sent for sequence capture geno-
typing using the same probes and methodology as the original 506
sequenced genets. Additionally, a subset of genets (N=11) that
had been sequenced previously with whole-genome sequencing
(for complete details, see Wang et al. (2016)) were included be-
cause many of them had better quality sequencing data than when
sequenced using sequence capture genotyping. A joint call over all
samples (N=506 + 25+ 11 =542) was conducted using GATK Gen-
otypeGVCFs with a standard emit confidence of 10 and a standard
call confidence of 20 resulting in the discovery of 6,827,282 SNPs.
Variants were filtered for genotype quality and sample quality
metrics using VCF and BCF tools (Danecek et al., 2011). The full
variant filtering pipeline is provided in File S1. Duplicate samples
(including clones) were removed by keeping the sample with the
best quality sequencing data (N=53 duplicate samples removed).
An additional 32 samples were removed for poor sequence quality
(>20% missing data) and two were removed because they were
likely F1 hybrids of P.tremuloides and grandidentata (File S2). After
variant filtering, missing genotype information was imputed using
Linklmpute (Money et al., 2015). The SNP filtering pipeline re-
sulted in a data set of 455 replicated genets with 291,069 SNPs
distributed across 5375 scaffolds and 20,875 genes with 10 SNPs
per gene on average.

To assess the presence of population structure, we used AD-
MIXTURE (Alexander et al., 2009), which employed maximum like-
lihood estimation of individual ancestries based on our SNP data to
determine the most likely number of populations or distinct groups
present in the sample set. We tested values 1 through 5 for k (i.e.,

Percent area

the number of groups) and used cross-validation to validate the re-
sults. ADMIXTURE estimated that our samples most likely represent
a single population, with high confidence (See File S1 for full AD-
MIXTURE analysis details). Five pairs of genets exhibited sibling or
parent-offspring relationships (see File S1). These genets were not
excluded to maximize sample size and because an initial GWA run
with and without the sibling pairs excluded showed no difference
in results (data not presented). Additionally, as presented above,
ADMIXTURE did not identify any population structure with the five
sibling pairs included. File S2 contains further details about all se-
quenced samples and excluded samples.

The exome capture sequencing data were aligned to the Pop-
ulus tremula genome assembly v1.1 (Potra v1.1) because that was
the best available assembly at the time of the sequencing data
processing. During the analysis of the GWA results, the most re-
cent assembly, Populus tremula genome assembly v2.2 (Potra v2.2)
became available. In order to be able to estimate where candi-
date genes might be located within the genome, we developed
an ad hoc method to connect the Potra v1.1 genes to the Potra
v2.2 genes. We performed a reciprocal BLAST on gene lists from
both assemblies. We matched only genes with a sum of ranks
equal to zero (i.e., the genes were each other's best match in both

assemblies).

2.4 | Transcriptomic data

We used an extreme phenotyping sampling scheme to select genets
from the WisAsp common garden for total RNA sequencing. Using
foliar salicinoid phenolic glycoside (PG) concentrations from June
2016, 30 genets with high constitutive PG concentrations (10%-16%
leaf dry mass) and 30 genets with low constitutive PG concentra-
tions (1%-2.5%) were sampled for a total of 60 genets. Leaf samples
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from a minimum of four replicate trees per genet were collected on
1day in July 2017 (6-7 year-old trees). Extraction of total RNA was
performed using the RNeasy Plant Mini Kit with DNase digestion
(Qiagen, Valencia, CA), and quality control and quantification were
performed on the Agilent 2100 BioAnalyzer (Agilent Technolo-
gies, Santa Clara, CA) at the University of Wisconsin Biotechnology
Center (Madison, WI, USA). Samples were sent to the Michigan State
University RTSF Genomics Core (East Lansing, MI, USA) for RNA
library preparation and sequencing. TruSeq stranded mRNA librar-
ies were divided into three pools and each run in a separate lane of
an lllumina HiSeq4000 flow cell (San Diego, CA, USA) in 2x 150bp
paired-end mode to an average depth of 16 million read pairs per
sample.

Raw RNA sequence data were put through a standard filtering
pipeline. Ribosomal RNA removal was completed using default set-
tingsin SortMeRNA (Kopylova et al., 2012) to reduce rRNA alignment
bias. Trimmomatic (Bolger et al., 2014) was used to remove partial
adaptor sequences within the sequenced reads and to perform
quality-based trimming. Quality-based trimming works by “trim-
ming” low-quality bases from the 3’ end until the quality reaches a
specified Phred-quality threshold. We used a standard Phred-quality
threshold of 20 corresponding to a base call error of 1 in 100, which
is approximately the inherent technical error rate of the lllumina
sequencing platform. FASTQC (Andrews, 2010) and multiqc (Ewels
et al., 2016), were used after each filtering step to assess sample
quality (e.g., per base sequence quality, per sequence quality scores,
per base sequence content, and per sequence GC content). The fil-
tered RNA sequences were then quasi-aligned to the Populus tremula
v.2.2 transcriptome (see Schiffthaler et al. (2019); assembly files are
available through the FTP site at https://plantgenie.org/) using the
default k-mer of 31 (optimized for reads 275 bp) and quantified using
Salmon (Patro et al., 2017). Quasi-alignment can reduce computa-
tional time and provide a way to align and quantify transcripts for
organisms with limited genomic resources. As performed in Salmon,
it uses a reference index created from a given reference transcrip-
tome by evaluating the sequences for all possible unique sequences
of length k (k-mer) in the transcriptome. That reference index is then
used to estimate where the raw sequencing reads best align without
performing base-by-base alighment, decreasing computational time
substantially. Then the final transcript abundance estimates are gen-
erated after modeling sample-specific biases (e.g., GC and sequence
biases), which, if not accounted for, are known to create high false
positive rates in differential expression. File S3 contains a detailed

description of the RNA filtering and quality assessment pipeline.

2.5 | Genome-wide association analyses

The first step of our genome-wide association analyses was fitting
the linear mixed model shown in Equation 1 to each trait in order to
extract the genotypic mean effect for each genet across all repli-
cates (3.51 replicates per genet on average). In this formulation, Xijky
is the trait value during year y for individual i belonging to genet

j and residing in block k, and y is the grand mean of the trait. The
independent variables in the model include block, perimeter mem-
bership (p;), age at the time of sampling (a;,), initial size of the tree (s)),
and their fixed effects «a, §;, f,, and f3, respectively. The trait value
also depends upon random effects for genet (y) and year (1,). The

random effects and the random error term (g;,,) all follow a zero-

ijky
mean Gaussian distribution. These models were fit using the Ime4 R

package (Bates et al., 2015).

Xijy = Bt a + b1+ Boa;, + B3Si+v+ A, + €5,
y}-~N(O,63)/1y~N(0,6/21)5,<}-ky~N(0,0'2) ()
Block and perimeter positions were included to control for micro-
environmental differences and edge effects. Tree age and initial size
were included to account for replanting of a quarter of the ramets
in 2011 and 2012 due to vole damage (Cole et al., 2021). A subset
of tree traits (salicylic acid, jasmonic acid, jasmonate-isoleucine, ab-
scisic acid, benzyl alcohol glucoside) was collected at only one time
point, so survey year was not included in the model for those traits.
Phenotypic trait data were transformed to meet normality assump-
tions of linear mixed models as needed and z-scale was normalized
to standardize effect sizes among tree traits. From these models, the
estimated best linear unbiased predictors (BLUP) of genet effects (y;)
were extracted. These BLUP values represent the average effect of
each genet across replicates on a trait that is attributable to genetic
factors. These values were then rank transformed, which has been
shown to improve the sensitivity of GWA analyses when sample
sizes or genetic effects are small (Goh & Yap, 2009), and regressed
on each genetic variant (i.e., GWA).
Broad-sense heritabilities were calculated by dividing the genet-
associated variance component (of) by the total variance (af) as

shown in Equation 2.

H? = (2)

me | wqr\)

Variance components were extracted using the VarCorr function
from the R package Ime4 (Bates et al., 2015). Since the linear mixed
model includes repeated measurements for the same individual (i.e.,
multiple survey years), we calculated the correlation between re-
peated measurements of the same individual (i.e., repeatability) to
assess the accuracy of our broad-sense heritability estimates (Fig-
ure S1) (Falconer & Mackay, 1996). Tables S1 and S2 display model
characteristics and variance components for each trait, respectively.
All analyses were performed in R v. 3.4.4, 3.5.1, and 3.6.1 (R Core
Team, 2018).

A multilocus GWA provides a way to understand how variation
in a marker set is associated with trait variation. It does so by mod-
eling how much of that trait variation is likely explained by loci with
relatively larger effects as compared to the infinitesimal effects
of all loci. In short, it models the genetic architecture of the trait.
GEMMA's Bayesian Sparse Linear Mixed Model (BSLMM) (Zhou
et al., 2013) combines a ridge regression (i.e., models relatively small
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effect variants) and a Bayesian variable sparse regression (i.e., mod-
els relatively large effect variants) to associate phenotypes and loci
by modeling all variants simultaneously. The model estimates the
amount of phenotypic variance explained by sparse and random ef-
fects, defined as PVE, where sparse effects are relatively large effect
loci and the random effects are the relatively small effect loci. The
estimated value of the sparse effects is defined as PGE or propor-
tion of genetic variance and indicates what proportion of PVE is ex-
plained by loci with relatively large effects. Multiplying PVE by PGE
provides an estimate of the proportion of total phenotypic variance
explained by the sparse effects (i.e., loci with large effect sizes rel-
ative to all the loci included in the model) for each trait, also known
as narrow-sense heritability, h? (Bresadola et al., 2019). The model
also generates an estimate of the putative number of sparse effect
loci (e.g., loci with large effect sizes relative to all the loci included
in the model) called n_gamma, which can provide further context
for the genetic architecture of a trait of interest in combination with
the PVE and PGE values. Each trait was run through the BSLMM for
10 runs with a two million burn-in followed by 10 million iterations
(script available in File S4). Values for PVE and PGE were evaluated
across all 10 runs for consistency (Figure S2) and one representative
run was chosen for data presentation.

All GWA analyses were carried out in Plink 1.9 which performs
simple linear regression using the Wald statistic to generate p-values
(scripts available in File S4). We did not correct for population struc-
ture as our population was panmictic (Barker et al., 2019). Tradi-
tional single-locus GWA was performed for each of the 30 traits.
Many of our growth and defense traits are likely functionally related
(Cole et al., 2021; Cope et al., 2019, 2021) and significant genetic
correlations were shown for many of them (using Pearson's correla-
tion coefficient, Figure S3). Genetically correlated traits (and even
functionally related traits in the absence of genetic correlations) can
be analyzed simultaneously to improve the power of GWA (Chhe-
tri et al., 2019; Stephens, 2013). We conducted multi-trait GWA for
growth and defense traits with genetic correlations or functional re-
lationships (for a full list of trait combinations see File S5). Multiple
testing was accounted for by applying a false discovery rate correc-
tion, specifically, Storey's g-value (Storey & Tibshirani, 2003) using a
threshold of 0.2. Unlike stringent Bonferroni-based multiple testing
corrections, Storey's g-value corrects for false positives, while re-
ducing the number of false negatives.

2.6 | Transcriptomic analyses

To identify any confounding factors such as batch effects and to de-
termine if conditions were sufficiently separated, quality assessment
of the count data was performed in Rv. 3.6.1 (R Core Team, 2018) as
detailed in File S3. Differential expression was carried out in DESeq2
(Love et al., 2014), which fits a negative binomial generalized linear
model and automatically normalizes counts by library size. We used
an adjusted p-value cut-off of .05 and a log fold change cut-off of O
given our large sample size, following recommendations by Schurch
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et al. (2016). We analyzed the differentially expressed genes through
the application of a soft clustering method in the function Mfuzz that
uses a fuzzy c-means algorithm (Futschik & Carlisle, 2005; Kumar
et al., 2007). Soft clustering using Mfuzz is more robust to noise than
hard clustering methods because it allows genes to be a member of
more than one cluster, thus providing a measure of how well cor-
responding clusters represent gene expression patterns. This attrib-
ute allows users to make nuanced inferences about the role genes
may play in different functional clusters. Additionally, because the
method minimizes the variation of genes within a cluster, genes that
poorly cluster will have less influence on a cluster and thereby make
the clustering process less sensitive to noise. This attribute is ben-
eficial because no genes were filtered out to reduce noise, enabling
us to keep potentially important information. Clustering param-
eters were set using the methodology outlined by Schwammle and
Jensen (2010). Only genes with a membership of >0.75 were kept
in each cluster. A gene enrichment analysis was performed for each
cluster of genes against the background of all Populus tremula (v2.2)
genes using the enrichment analysis tool from PlantGenlE (https://

plantgenie.org/).

3 | RESULTS
3.1 | Genetic architecture of tree traits
3.1.1 | Broad-sense heritabilities

We calculated broad-sense heritabilities for all of our tree traits to
understand what proportion of the variation was explained by genet
identity alone and to compare to the narrow-sense heritability es-
timates obtained from our multilocus GWA. Sex can be considered
as a pseudo-control trait as it would be expected to exhibit a broad-
sense heritability at or approaching 1 given that it is a genetically
controlled trait with limited environmental influence and a known
genetic architecture (Miiller et al., 2020). Budbreak date displayed
a high level of heritability (H?=0.80) expected from a highly geneti-
cally controlled trait (Frewen et al., 2000). Flowering density was
moderately heritable (H?=0.37). It should be noted that only about
a third of the trees at WisAsp had reached reproductive maturity
at the time of this study, so the sample size was smaller than for
the other traits. In general, traits associated with defense (defense-
related phytochemistry and indirect defense) had higher heritability
than growth traits (growth, growth-related phytochemistry, and leaf
morphology) (Figure 1). The broad-sense heritabilities were mod-
erate to high (H?=0.15-0.64) for most defense traits and low to
moderate (H2=0.01-0.52) for most growth traits. Diseased tissue
showed a moderate level of heritability (H>=0.38), while herbivory
(i.e., foliar tissue damaged by insects that scrape and/or remove leaf
area) exhibited low heritability (H2=0.12). Total biotic damage and
resistance (1-total biotic damage), which include area damaged by
both disease and herbivory, also showed moderate levels of herit-
ability (0.32 and 0.34 respectively).
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FIGURE 1 Broad-sense heritabilities for ecologically important traits in aspen (Populus tremuloides). Values calculated by dividing the
genet-associated variance component by the total random variance component extracted from linear mixed models (variance components in

Table S1).

3.1.2 | Multilocus GWA results

The narrow-sense heritabilities (h?) displayed in Figure 2 give an
overview of the genetic architecture of each trait. For the major-
ity of tree traits, our SNP dataset explained very little variation, ex-
cluding sex (mean=0.10, median=0.09, range=0.05-0.17). In other
words, most of the phenotypic variation for a particular trait is likely
explained by many loci with relatively small effects, indicative of a
polygenic architecture. Budbreak date, a typically highly heritable
trait in Populus (Frewen et al., 2000), had a lower narrow-sense her-
itability (h?=0.16) than expected, but still higher than the majority
of other traits. Narrow-sense heritability for sex, a highly genetically
controlled trait, explains phenotypic variation at close to expected
values (i.e., broad-sense heritability).

The narrow-sense heritabilities (h2) are calculated from PVE and
PGE estimates, values that can provide a more nuanced view of trait
genetic architecture (Figure 3 and Figure S4). PVE is the proportion of
phenotypic variation explained by all loci and PGE is the proportion of
PVE explained by loci with relatively large effects. The proportion of
relatively large effect loci (PGE) is less than ~0.40 for all traits except
sex (mean=0.26; range 0.14-0.41). This pattern holds true for traits
such as initial volume and jasmonate-isoleucine, where our marker
set explains a large amount of phenotypic variation (PVE >0.70) (Fig-
ure 3). Posterior probability density distributions indicate that PGE

values for the majority of loci are less than 0.25 across almost all traits
(Figure S5). Thus, for many of our traits, most of the loci affecting trait
variation likely have relatively small effects (random effects portion
of PVE). Consistent with this finding, estimated effect sizes were ex-
tremely low for most loci across all traits (Table 2).

Sex shows that PVE and PGE are both high, approaching 1 (i.e.,
99% phenotypic variance explained by genomic data, with 98%
of that variance attributable to relatively large effect loci). Sex
also has the lowest n_gamma value of all the traits (n_gamma=17)
(Table 2). Together, these estimates reveal that the genetic archi-
tecture for sex is highly heritable underlain by a few loci with rela-
tively large effects, consistent with its known genetic architecture
(Mdller et al., 2020). Traits like budbreak date and jasmonic acid
display a highly heritable genetic architecture (PVE > 0.60) where
some loci of relatively large effect (i.e., PGE>25%) exist within a
polygenetic background. Both budbreak date and jasmonic acid
have relatively high n_gamma values of 70 and 75, respectively
(Table 2). In contrast, traits such as total phenolic glycosides and
initial volume also have a highly heritable genetic architecture
(PVE>0.60) but are largely explained by relatively small effect
loci (i.e., PGE < 15%). N_gamma values are 48 and 87 for phenolic
glycosides and initial volume, respectively (Table 2). All multilocus
GWA parameters and corresponding estimates for each trait can
be found in File Sé.
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FIGURE 2 Narrow-sense heritabilities. Values calculated by multiplying PVE by PGE (Bresadola et al., 2019) estimates generated by
GEMMA's BSLMM model; PVE =proportion of phenotypic variance explained by sparse and random effects, PGE =proportion of phenotypic

variation explained by sparse effects only (i.e., relatively large effect loci).
0.66
0.63
059
054
052
048

1.00- 0.99

0.9

0.75- 0.72 072

Phenology
Reproduction
0.54
Growth
0.47

Leaf morphology

9 Growthrelated phytochemistry

0.3
0.2 0.21 0.21
I I 0I16 I

Defense related phytochemistry

0.6
0.53

Ll

0.50-
E 0.46

0.41
0.3
Indirectdefense & damage
0.25- 8 02
0.00-

* o ot R I N S N S S S R N NI IR I I IS SR
b@ie@ 22 O\é‘; ST IR & \@& ,\@&_ L %\,0°0°«a\§ & ‘.o,g\",\\oo(‘ & &6\6 0-6& é‘(\&o"& S 'bo"é{b(‘o
S g L P P F&F S FPFES D L& L RS
X O & o AR N PO IS G &V R\ € F o
S S 2 > AN & & 2 \O N ENERSISE PN ~&$
& S & o & S & & Y@ F S & & bé@ o °
<°® L& RS PO S L& @
o $ o2 & b S P S
S O o 2 N <!
.20 N \g >
X N
¥ F 9
Trait

FIGURE 3 Hyperparameter PVE from GEMMA's BSLMM model; PVE =proportion of phenotypic variance explained by sparse and
random effects (relatively large and small effect loci).
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TABLE 2 Effect sizes for multi-SNP GWA.

Open Access,

Median Mean
sparse effect  sparse

Trait size effect size n_gamma
Budbreak 0.000004 0.00003 70
Flowering density 0.000002 0.000009 58
Sex 0 0.00002 18
Initial volume 0.000004 0.00002 87
Volume 0.000003 0.00001 132
Basal area 0.000004 0.00002 90
Height 0.000003 0.000009 97
Relative growth 0.000002 0.000009 98

(volume)
Relative growth 0.000003 0.000009 97

(basal area)
Basal area increment 0.000005 0.00002 98
Specific leaf area 0.000002 0.000008 54
Individual leaf area 0.000002 0.000006 89
Nitrogen 0.000003 0.00001 68
Carbon:nitrogen 0.000004 0.00001 75
Abscisic acid 0.000003 0.00001 59
Jasmonic acid 0.000005 0.00002 75
Jasmonate-isoleucine ~ 0.000004 0.00001 59
Benzyl alcohol 0.000002 0.000007 68

glucoside
Salicylic acid 0.000003 0.00001 41
Salicin 0.000002 0.000008 57
Salicortin 0.000004 0.00001 111
Tremulacin 0.000005 0.00002 60
Tremuloidin 0.000004 0.00001 69
Total phenolic 0.000004 0.00001 48

glycosides
Condensed tannins 0.000002 0.00009 104
Extra-floral nectaries 0.000005 0.00002 58
Disease 0.000002 0.00001 50
Herbivory 0.000004 0.00001 88
Total biotic damage 0.000004 0.00002 25
Resistance 0.000003 0.00001 42

3.2 | Candidate genes: Single-locus GWA results

Our single-locus genome-wide association analyses used a marker
data set of 291,069 SNPs and found 38 significant SNPs in 22 genes
across 15 traits. Budbreak date accounted for six of the 22 genes
identified (Table 3). An additional 40 SNPs and 15 genes were asso-
ciated with sex. One candidate gene was associated with flowering
density. Growth traits were associated with four genes. Defense-
related phytochemical traits were associated with eight genes. In-
direct defense and damage (i.e., total biotic damage, diseased foliar
tissue, and herbivory) accounted for six identified genes. More de-
tailed information for each candidate gene can be found in Files S5

and S7. Except for sex, candidate genes for any particular trait were
spread across the genome (Figure 4). Genomic positional annotation
through snpEff found most of the candidate genes having regulatory
roles (Table 3). Effect sizes of the significant SNPs for most traits
were low to moderate (< +0.4) excluding sex (File S7). Minor allele
frequencies were also low to moderate (0.005-0.3) excluding bud-
break date and sex (File S7).

Budbreak date exhibited the highest number of significant SNPs
for a single trait excluding sex. Nineteen SNPs across six genes were
associated with budbreak date. A notable gene encodes for a pen-
tatricopeptide repeat-containing protein (PPR). Proteins with PPR
regulate the expression of genes involved in organelle biogenesis
and have an impact on plant growth and development (Barkan &
Small, 2014). Another gene, encoding a MYB108 transcription factor,
is potentially involved in phenological maturation, chloroplast devel-
opment, and response to abiotic/biotic stress in Arabidopsis (Am-
bawat et al., 2013; Mandaokar & Browse, 2009; Zhao et al., 2020).
Three other candidate genes have potential roles in transport
across the chloroplast thylakoid membrane, chlorophyll biogenesis
(Adam, 2013), and transporting hormones and other compounds es-
sential for plant growth and development across various biological
membranes (Hwang et al., 2016; Martinoia et al., 2002). The remain-
ing two candidate genes for budbreak date have not been studied
well or at all in plants to date.

As expected, the sex-determining gene ARR-17 (Brdutigam
et al., 2017; Miiller et al., 2020) was discovered as one of the genes
with a significant SNP for the sex trait. For sex, the majority of signif-
icant SNPs and associated genes were located on chromosome 19,
which is thought to be where the sex-determining region is located
for Populus species. These GWA results are consistent with the ge-
netic architecture suggested by our multilocus GWA, highly herita-
ble with a few loci contributing to the majority of the phenotypic
variation (see Figures 2 and 3). Flowering density exhibited a single
association, located within an O-fucosyltransferase family protein
gene, which is known to be involved in the regulation of the plant
circadian clock (Liu & Gendron, 2020; Zentella et al., 2017).

Few significant associations were found for growth and growth-
related phytochemical traits, consistent with their narrow-sense
heritabilities being generally low (Figure 2). Univariate GWA found
three significant SNPs in three genes, all associated with volume
metrics. A tubulin beta chain gene and a probable polyol transporter
are involved in morphogenesis (Snustad et al., 1992) and sugar trans-
port (Johnson et al., 2006), respectively. The third gene encodes a
chromosome condensation regulator family protein, with no known
direct connections to plant growth. Multi-trait GWA discovered only
one association for multi-trait group MT29 including individual and
specific leaf area, volume, and nitrogen concentration. The SNP was
located in a circadian clock regulatory gene, with known function in
animals, but not well-defined in plants (Liu & Gendron, 2020).

For defense-related phytochemical traits, only the plant hor-
mone jasmonic acid and its derivative jasmonate-isoleucine have
significant associations in the univariate GWA, consistent with the
PGE estimate suggesting a genetic architecture of being polygenic
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TABLE 3 Summary table for single-locus genome-wide association analysis results (See Files S5 [multi-trait GWA] and File S8 [univariate

GWA] for more details).

Trait

Phenology
Budbreak date

Budbreak date

Budbreak date

Budbreak date

Budbreak date

Budbreak date

Reproduction

Flower density

Growth

Relative growth (volume)
between 2016 and 2017

Initial volume

Initial volume

Gene ID and description (using Potra
v1.1 assembly on popgenie.org)

Potra003338g21388: DNA repair
protein REV1 isoform X1

Potra000831g06663:
pentatricopeptide repeat-
containing protein At1g71490

Potra002372g18071: transcription
factor MYB108-like

Potra003956g23750: ABC
transporter B family member
15-like

Potra003186g20936: transmembrane
protein 53

Potra000419g02166: membrane-
bound transcription factor site-2
protease homolog isoform X1

Potra004072g24439: O-
fucosyltransferase family protein

Potra000177g00680: probable polyol
transporter 4

Potra002519g19030: chromosome
condensation regulator family
protein

Potra000790g06258: tubulin beta
chain

Growth, leaf morphology, growth-related phytochemistry

MT29: individual leaf area,
specific leaf area, volume,
nitrogen

Defense-related phytochemistry

Jasmonic acid

Jasmonate-isoleucine

Potra001566g12942: circadian
locomoter output cycles protein
kaput isoform X1

Potra000530g03683: cation/H(+)
antiporter 15-like

Potra002923g20319: long-chain-
alcohol oxidase FAO4A

GO annotation(s)

Damaged DNA binding,
nucleotidyltransferase
activity, error-prone
translesion synthesis

Chloroplast thylakoid membrane

DNA binding

ATP binding, integral component
of membrane, ATPase activity,
coupled to transmembrane
movement of substances,
transmembrane transport

Integral component of
membrane, hydrolase activity

Metalloendopeptidase activity,
proteolysis, membrane

Cytoplasm, fucose metabolic
process, transferase activity,
transferring glycosyl groups

Integral component of
membrane, transmembrane
transporter activity,
transmembrane transport

Metal ion binding

GTPase activity, structural
constituent of cytoskeleton,
GTP binding, microtubule,
microtubule-based process

Protein binding

Cation transport, solute:proton
antiporter activity, integral
component of membrane,
transmembrane transport

Long-chain-alcohol oxidase
activity, flavin adenine
dinucleotide binding,
oxidation-reduction process

SNPeff annotation(s)
(number of SNPs)

Synonymous gene variant
(1), missense gene
variant (1)

Synonymous gene variant
(3), missense gene
variant (2), splice region
variant & intron variant
(2), stop lost (1), 3" UTR
variant (1)

5" UTR variant (1)

5" UTR variant (1)

Downstream gene variant (4)

3’ UTR variant (1)

5’ UTR variant (1)

Synonymous variant (1)

Intron variant (1)

Upstream gene variant (1)

Synonymous variant (1)

Synonymous variant (1)

Missense variant (1)

(Continues)
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Trait

Indirect defense & damage

Disease

Total biotic damage
Disease
Resistance

Resistance

Gene ID and description (using Potra
v1.1 assembly on popgenie.org)

Potra001342g11489: DNA-
dependent metalloprotease
WSS1-like

Potra004005g24127: F-box/kelch-
repeat protein At1g55270

Potra000464g02731: GATA zinc
finger domain-containing protein
8-like

Defense-related phytochemistry, indirect defense & damage

MT27: salicin, salicortin,
tremulacin, tremuloidin

MT27: salicin, salicortin,
tremulacin, tremuloidin

MT27: salicin, salicortin,
tremulacin, tremuloidin

MT27: salicin, salicortin,
tremulacin, tremuloidin

MT27: salicin, salicortin,
tremulacin, tremuloidin

MT10: benzyl alcohol
glucoside, total biotic
damage, salicylic acid

MT30: jasmonic acid, abscisic
acid, salicylic acid

MT23: disease, jasmonic acid,
specific leaf area, budbreak
date, herbivory

MT24: herbivory, salicylic acid,
disease, total phenolic
glycosides

MT24: herbivory, salicylic acid,
disease, total phenolic
glycosides

MT24: herbivory, salicylic acid,
disease, total phenolic
glycosides

Potra002739g19881: nudix hydrolase
18, mitochondrial-like

Potra003968g23830: gibberellin
3-beta-dioxygenase 1-like

Potra002382g18137: serine/
threonine-protein kinase STY8
isoform X1

Potra001164g10107: serine/
threonine-protein kinase HT1-like

Potra001654g13571: leucine-rich
repeat extensin-like protein 4

Potra004005g24127: F-box: /kelch-
repeat protein At1g55270

Potra004005g24127: F-box: /kelch-
repeat protein At1g55270

Potra001342g11489: DNA-
dependent metalloprotease
WSS1-like

Potra000572g04244: expansin-like
A2

GO annotation(s)

NA

Protein binding

NA

Hydrolase activity

Oxidoreductase activity,
oxidation-reduction process

Protein kinase activity,
ATP binding, protein
phosphorylation

Protein kinase activity,
ATP binding, protein
phosphorylation

Protein binding

Protein binding

Protein binding

NA

Extracellular region, sexual
reproduction

SNPeff annotation(s)
(number of SNPs)

Upstream gene variant (1)

Downstream gene variant (1)

Downstream gene variant (1)

5" UTR variant (2)

Intron variant (1)

Intron variant (1)

Intron variant (1)

Missense variant (1)

Downstream gene variant (1)

Downstream gene variant (1)

Upstream gene variant (1)

Missense variant (1)

with some relatively large effect loci. The candidate genes were
a cation/H(+) antiporter gene and a long-chain-alcohol oxidase
FAOA4A gene. A transcriptome analysis in switchgrass revealed that
a vacuolar Na+(K+)/H+ antiporter gene upregulated JA when over-
expressed (Huang et al., 2018). There is little functional information
for the gene encoding a long-chain-alcohol oxidase FAO4A, making
its association with jasmonate-isoleucine unclear at this time. Multi-
trait GWA identified a F-box/kelch-repeat protein associated with
two defense-related multi-trait groups, including MT10 (benzyl alco-
hol glucoside, total biotic damage, salicylic acid) and MT30 (abscisic
acid, jasmonic acid, salicylic acid). A multi-trait GWA including all four
salicinoid phenolic glycoside constituents (multi-trait group MT27)

resulted in six significant SNPs within five genes. Two genes encode
serine/threonine-protein kinases, which are known to be involved
in the regulation of plant defense (Afzal et al., 2008; Hardie, 1999).
Another two encode genes that seem more related to growth than
to defense. One encodes a gibberellin 3-beta-dioxygenase, which
may be involved in the negative regulation of jasmonate to repress
defense response and promote growth (Bhattacharya et al., 2012).
The other encodes a leucine-rich repeat extensin-like protein that
is involved in cell wall sensing indirectly relaying extracellular sig-
nals, including biotic stimuli, to the cytoplasm (Herger et al., 2019).
The last gene encodes a nudix hydrolase belonging to a large fam-
ily of genes that help regulate diverse biological processes through
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FIGURE 4 Distribution of candidate genes across Populus tremula genome assembly v2.2 using a reciprocal BLAST to match Potra v1.1
genes to Potra v2.2 genes (see Methods for details); chromosomes are indicated by the white bars on a gray background; colored vertical
lines represent genes associated with significant SNPs, with different colors corresponding with the specific trait associated with the

significant SNP as notated in the legend.

cytosolic and organellar housecleaning and maintain physiological
homeostasis (Huang et al., 2012; Ogawa et al., 2008).

Four SNPs within three genes were associated with indirect mea-
sures of defense and damage (i.e., disease, total biotic damage, and
resistance). The F-box/kelch-repeat protein associated with defense
traits was also associated with disease, total biotic damage, and re-
sistance. A metalloprotease WSS1-like gene was associated with
disease and is involved in DNA-protein crosslink repair, damage that
often happens due to reactive oxygen species in the cell during regu-
lar metabolic processes or in response to a pathogen attack (Enderle
et al., 2019). Finally, a GATA zinc finger domain-containing protein
like-8 was associated with resistance. This specific gene has not been
characterized well, but studies characterizing families of genes with
GATA zinc finger domains have connected them to circadian clock
regulation and plant development in Arabidopsis and rice (Behringer &
Schwechheimer, 2015; Reyes et al., 2004), and a variety of potential
regulatory roles in Populus including circadian clock, phytohormone,

plant development, and stress response (An et al., 2020). Multi-trait
GWA resulted in only one new association for multi-trait group
MT24 (herbivory, salicylic acid, disease, total phenolic glycosides),
located in an expansin-like A2 gene potentially involved in growth
and defense (Abugamar et al., 2013; Yang et al., 2014).

3.3 | Differential expression and soft
cluster analyses

Differential expression revealed 1243 differentially expressed
genes, with 587 upregulated and 656 downregulated in the high PG
genets relative to the low PG genets, out of a total of 30,249 genes
with non-zero total read counts. The volcano plot (Figure 5) shows
that most of the significantly (FDR=0.05) differentially expressed
genes have log, fold changes of less than 1.5. In other words, they
are up- or down-regulated ~3x (21) or less in the high PG group
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as compared with the low PG group. Differentially expressed genes
were spread across the genome (Figure 6).

We identified a large number of differentially expressed genes,
so we used soft clustering methods to group them. We identified 13
gene clusters, of which seven clusters were significantly enriched
for GO terms (Table 4, File S8). Most of the enriched clusters con-
tained groups of genes that were associated with general biological
processes such as photosynthesis or protein synthesis. Interestingly,
clusters with growth-related functions were downregulated in the
high PG group as compared with the low PG group.

Three clusters (C4, C11, C13) contained genes of clear interest
because of their association with phenylpropanoid biosynthesis and
regulation (Table 4), one (C11) of which was enriched for GO terms
in secondary metabolism and regulation. Genes in two of those
clusters (C4 and C11), containing 69 and 128 genes respectively,
were upregulated in the high PG group. The third cluster (C13) with
44 genes exhibited genes that were downregulated in the high PG
group. These three clusters contained several transcription factors
(MYB, WRKY, NAC) and enzymes (caffeoyl shikimate esterase-like,
cinnamoyl-CoA reductase 1-like) associated with phenylpropanoid

biosynthesis, most of which were upregulated in the high PG group.

4 | DISCUSSION

Forest tree genomics research in the last decade has revealed that
the genetic architecture of most ecologically important traits re-
mains largely unexplained using traditional GWA methods (Lind
et al., 2018). Moreover, what has been ascertained is that most eco-
logically important traits likely have a polygenic basis where many
loci of small to moderate effect explain much of the phenotypic
variance (Lind et al., 2018). While it is likely that there are multiple

® Log, FC

—Logq adjusted P

non-mutually exclusive explanations behind this “missing heritabil-
ity”, it is undeniable that a mismatch exists between the polygenic
architectures of most ecologically important traits and the tradi-
tional methods currently used to characterize their genetic archi-
tectures (Josephs et al., 2017; Lind et al., 2018). Consequently, our
understanding of what genes underly ecologically important traits
remains poor. Studies such as this that incorporate modified GWA
and complementary methods to characterize the genetic architec-
ture of ecologically important traits will provide a more complete

picture.

4.1 | Most aspen growth and defense traits have a
polygenic architecture

Our exploration of the underlying genetic architecture of important
traits in aspen (P.tremuloides) reveals that many of them are likely
polygenic. We found relatively few trait-SNP associations across the
30 growth and defense traits analyzed, despite most of our traits dis-
playing high broad-sense heritabilities. Most of the significant SNPs
had low effect sizes and low to moderate frequency alleles (File S7).
Furthermore, 22 candidate genes identified across all traits, excluding
sex, are spread across the genome (Figure 4) and many of the can-
didate genes have regulatory roles (e.g., transcription factors or en-
zymes) and are multi-functional. Almost all of the 12 candidate genes
associated with defense-related phytochemistry and damage traits
have regulatory roles in growth, defense, or response to stress. Often
these regulatory genes were members of gene families that regulate
multiple cellular and biological processes (e.g., Potra002739g19881,
a nudix hydrolase 18). One gene (Potra004005g24127, F-box/kelch-
repeat protein At1g55270) was also associated with both damage and

phytochemistry traits. The multi-functional nature of these candidate

@ adjusted p-value & Log, FC

Log, fold change

FIGURE 5 Volcano plot of results from the differential expression analysis with an adjusted p-value cut-off of .05 and log, fold change
cut-off of 0. Each dot represents a gene. The horizontal dashed line is the adjusted p-value cut-off of .05, shown in negative log10 scale. The
center vertical dashed line is the log, fold change cut-off of zero and the two vertical dot-dash lines represent the cut-off where the majority
of differentially expressed genes fell (log, FC=+1.5). Only those genes that meet both the log, fold change and adjusted p-value cut-offs are
considered as significantly differentially expressed (blue dots). Log, FC: significant by log, fold change cut-off only (orange dots), adjusted
p-value and log, FC: significant by both adjusted p-value and log, fold change cut-offs (blue dots).
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FIGURE 6 Distribution of differentially expressed genes across Populus tremula genome assembly v2.2. Dots represent differentially
expressed genes, with blue dots being upregulated and red dots being downregulated.

genes emphasizes how interconnected the gene regulatory networks
are likely to be for quantitative traits.

Unlike single-locus GWA, multilocus GWA is not subject to
the Winner's Curse, resulting in inflated effect sizes for significant
loci (Josephs et al., 2017). Multilocus GWA also often explains far
more phenotypic variation in traits than single-locus GWA (Jo-
sephs et al., 2017). Furthermore, they can provide a more nuanced
view of the complex genetic architectures of quantitative traits,
which can be used to adapt study design and analysis methods
to better detect candidate genes underlying these traits mov-
ing forward. Our multilocus GWA results revealed that most of
our traits exhibited a polygenic architecture, with generally low
narrow-sense heritability (h?) values and relatively high n_gamma
values. For example, the genetic architecture of defense-related
phytochemistry traits showed that most of the variation explained
by our marker set originates from loci with polygenic (i.e., infini-
tesimal) effects.

The one other study that used the multilocus GWA model,
BSLMM, in a closely related Populus species found similar polygenic
architecture of six comparable traits, including the main Populus de-
fense phytochemicals. Bresadola et al. (2019) performed a multilocus
GWA using RAD sequence data from a hybrid zone between closely
related species to P.tremuloides: P.tremula and P.alba. Six traits were
comparable between their study and ours, including the four salici-
noid phenolic glycosides (salicin, salicortin, tremulacin, and tremu-
loidin), individual leaf area, and height. They found similar polygenic
architectures for all six comparable traits (posterior distributions

for our study (Figure S5) were compared to posterior distributions
available in Bresadola et al. (2019) (Figure S8). Both Bresadola's and
our study present a genetic architecture for these phytochemicals
where most of the phenotypic variation is accounted for by many
loci of small effects that are not likely to be detected by traditional
GWA methods. The genes underlying the salicinoid phenolic gly-
coside biosynthesis pathway have been largely elusive (Fellenberg
et al., 2020). Recent studies that have identified and validated can-
didate genes underlying salicinoid phenolic glycosides have used
methods that can better account for a polygenic architecture (Fel-
lenberg et al., 2020; Gordon et al., 2022). Taken together, our work
and these studies underscore the importance of accounting for the
polygenic nature of most ecologically important traits in character-

izing their genetic architectures accurately.

4.2 | Differentially expressed genes are associated
with defense-related phytochemistry

Transcriptomics is fast becoming a complementary method to tra-
ditional GWA to identify candidate genes in quantitative traits be-
cause of increasingly affordable sequencing costs and no need for
extensive species-specific genomic resources (Lind et al., 2018). Our
study used differential expression analysis to explore expression
patterns in low growth-high defense and high growth-low defense
genotypes, identifying 197 upregulated and 44 downregulated
genes of interest. Specifically, genes encoding enzymes from the
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Expression pattern
relative to the low PG

Number of
Cluster Description genes group
c1? DNA and RNA processes 67 Down
c2? Photosynthesis 41 Down
C3 Enzymes related to sugar metabolism 53 Down
and other processes
Cc4 Phenylpropanoid biosynthesis 69 Up
Cc5® Protein synthesis and catabolism 89 Up
Cé Enzymes 62 Up
c7? Protein synthesis and transport, 119 Down
enzymes
cs? Tetrapyrrole biosynthesis 34 Down
c9 Growth 58 Down
C10 Growth 52 Down
Cc11? Secondary metabolism and regulation 128 Up
c12° RNA and ribosome processes 94 Up
C13 Biosynthesis and regulation 44 Down

TABLE 4 Soft clustering analysis of
differentially expressed gene results;
genes included must display a membership
value of 0.75 or higher (See File S9 for
more details).

?Displayed significant enrichment for GO annotations (See File S8 for more details).

phenylpropanoid biosynthesis pathway, upstream of the branches
that produce salicinoid phenolic glycosides and condensed tan-
nins, are present. Several transcription factors (e.g., WRKY, MYB,
and NAC transcription factors) that are potentially involved in phy-
tochemical defense and lignin formation were also differentially
expressed between the low and high PG groups. Recent literature in-
dicates potential co-regulation of lignin and phytochemical defense
via interconnected expression networks in plants (Xie et al., 2018;
Zhang et al., 2018).

Other enzymes and transcription factors within our differen-
tially expressed candidate gene list may, upon post-GWA valida-
tion, prove to play a role in the still poorly understood salicinoid
phenolic glycoside biosynthesis pathway. For example, (Fellenberg
et al., 2020) used transcriptomics to identify candidate genes in-
volved in the salicinoid biosynthesis pathway in P.trichocarpa. They
identified a UDP-glycosyltransferase gene and validated its essen-
tial role in the synthesis of major salicinoids through a CRISPER/
Cas9-engineered knockout experiment (Gordon et al., 2022). Three
UDP-glycosyltransferase genes were identified in our differential
expression analysis that warrant further investigation.

Most of the differentially expressed genes identified have reg-
ulatory roles as transcription factors or enzymes that are often in-
volved in more than one biological process. For example, one of the
differentially expressed genes from the cluster enriched for genes
involved in secondary metabolite regulation included a WRKY tran-
scription factor 40 (Potra000926g07521) that was upregulated in
the high PG group. This gene has a putative function in response
to salicylic acid and regulation of biotic defense. As a group, WRKY
transcription factors are often involved in response to biotic and
abiotic stress (Jiang et al., 2014) and also in regulation of lignifica-

tion (Wang et al., 2010). More recently, a WRKY transcription factor

was shown to coregulate lignin biosynthesis and defense response
in Populus trichocarpa (Zhang et al., 2018). These results emphasize
how complex and intertwined the genetic architectures of ecologi-

cally important defensive traits likely are.

4.3 | Relevance to “community genetics” and
“genes-to-ecosystems” science

The framework proposed by Whitham et al. (2008) for identifying
genes with community- and ecosystem-level effects is similar to the
original concept of using GWA analyses to identify genes underlying
traits of interest in target organisms. Both had implicit assumptions
that most traits of interest would be controlled by relatively few
genes—assumptions bolstered by moderate to high predicted herit-
abilities for traits of interest. In reality, most variants associated with
these highly heritable traits have exhibited small effect sizes indicat-
ing that the genetic architecture of most quantitative traits (which
most ecologically important traits are) is likely polygenic (Bresadola
et al., 2019; Chhetri et al., 2019; de la Torre et al., 2021, 2022; Lind
et al., 2018). This may also be true for extended phenotypes, such
as associated insect communities. In work concurrent with that re-
ported here, Morrow (2022) found that several community metrics
for herbivorous insects at the WisAsp common garden likely have
undetected genetic associations—indicating that extended pheno-
types themselves may exhibit polygenic architectures.

Our results provide gene-level information about ecologically
important traits that have been connected to associated commu-
nities and ecosystems. Genotype-mediated growth-defense trade-
offs are well established in aspen (Cole et al., 2021; Cope et al., 2019;
Osier & Lindroth, 2006) and have been shown to differentially
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affect population genetic composition in contrasting environments
(Cope et al., 2021). Moreover, divergent growth and defense phe-
notypes in aspen influence the community metrics of associated
insect assemblages (Barker et al., 2019; Morrow, 2022). For exam-
ple, a gibberellin 3-beta-dioxygenase gene (Potra003968g23830)
associated with salicinoid phenolic glycosides in our GWA analyses
has also been linked to the regulation of growth and defense re-
sponses in Solanum and Nicotiana spp. (Bhattacharya et al., 2012).
We also identified 197 genes upregulated in genets with high foliar
concentrations of salicinoid phenolic glycosides, including several
genes involved in the potential regulation of phytochemical defense
and lignin biosynthesis.

4.4 | Onthe omnigenic model of polygenic
architecture

A current expectation of genetic architecture is that the genes un-
derlying trait variation would all cluster in key pathways related to
the trait. Many polymorphisms are often found in non-coding and
regulatory regions of the genome and the omnigenic model (Boyle
et al., 2017) suggests that a vast number of highly connected regu-
latory genes may explain most of the heritability of a trait through
their modulation of the expression of a relatively smaller number of
core genes. In other words, if gene regulatory networks are highly
interconnected, then even a peripheral gene is likely to have a
non-zero effect on the expression of the trait. In this case, the ex-
pression of these peripheral genes will vastly outnumber the core
genes and small effects of peripheral genes will quickly add up to
account for far more trait variation than the core genes alone. As
an example, Boyle et al. (2017) demonstrate that ~100,000 causal
variants affect human height, and most are located in gene regula-
tory regions.

Many forest tree GWA results exhibit a similar pattern, finding
mostly regulatory genes that often have vague known biological
connections to the trait of interest (Barker et al., 2019; Bresadola
et al., 2019; Chhetri et al., 2019; de la Torre et al., 2019, 2021, 2022;
Fahrenkrog et al., 2017; Hallingback et al., 2019; Mahler et al., 2017,
2020; McKown et al., 2018). In particular, a recent co-expression
network analysis of budbreak in a closely related species, P.trem-
ula, found a negative relationship between eQTL effect size and
network connectivity, and that genes with low connectivity were
enriched for eQTLs (Méhler et al., 2017). That work suggests that
selection on peripheral genes was more relaxed than on core genes
and provides a way to allow potentially adaptive mutations while
buffering the core genes from potentially deleterious mutations.
If this is the case for other quantitative tree traits, then most phe-
notypic variation in polygenic traits will be explained by peripheral
genes that will be difficult to connect to traits of interest without
a deeper understanding of the gene networks controlling them. In
fact, one study has recently used a system genetics approach (e.g.,

co-expression, eQTL analysis, gene regulatory network inference;
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Fagny & Austerlitz, 2021) to show that the genetic architecture of
leaf shape variation in the closely related P.tremula follows the om-
nigenic model (Mahler et al., 2020).

Our GWA results share many of the characteristics associated
with the omnigenic model of polygenic architecture. Most of our
candidate genes have regulatory roles, exhibit low effect sizes,
and are spread across the genome. Furthermore, multilocus GWA
revealed most traits exhibited a polygenic architecture with many
small effect loci explaining most of the phenotypic variation. While
our results are likely impacted by our sample size and lack of whole-
genome coverage as detailed below, they are consistent with other
studies in similar species that have more complete genome coverage
(Chhetri et al., 2019; Escamez et al., 2021; McKown et al., 2018; PK
Ingvarsson unpublished data). Still, it must be noted that other fac-
tors such as sample size (Lind et al., 2018), effect size biases (Josephs
et al., 2017), and accounting for effects of other non-coding variants
(e.g., structural variants; Holliday et al., 2017) need to be considered
as the field progresses.

4.5 | Study limitations

Like many forest tree GWA studies, our sampling and genomic re-
sources have limitations. Our sample size (N=455) was sufficiently
large for most GWA studies. However, recent studies in forest trees
have shown that alleles for large-effect loci are likely to be rare,
requiring sample sizes in the thousands to detect them (Josephs
et al., 2017; Mahler et al., 2017). Thus, we likely are unable to de-
tect rare variants of large effects. We sequenced the exome, so our
marker dataset did not cover the entire genome. Additionally, some
genes could not be sequenced if the probe did not map to a unique
genomic location, an issue common in species, like Populus (Berlin
et al., 2010), with whole-genome duplications in their evolutionary
history. Thus, we are likely missing some genes as well as the non-
coding regions. We believe, however, that our incomplete genomic
coverage does not adversely affect our main interpretations. Several
studies in Populus species using whole-genome sequence data have
similarly found fewer than expected associations for highly heritable
traits when using traditional GWA methods (Chhetri et al., 2019; Es-
camez et al., 2021; McKown et al., 2018; PK Ingvarsson unpublished
data). In short, finding associations that explain a substantial amount
of phenotypic variation seems to be the exception, rather than the

rule, for most quantitative traits in forest trees.

4.6 | Conclusions

Despite the challenges presented over the last couple of decades
in applying genomics to understanding fundamental molecular and
ecological processes, we have come a long way in understanding
the complexity of the genetic architecture underlying ecologically

important traits. Traditional single-locus GWA studies in forest
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trees have had limited success in uncovering the genomic under-
pinnings of many ecologically important, quantitative traits. Stud-
ies of both plants and humans reveal that the genetic architecture
of most quantitative traits is likely polygenic and that regulatory
genes in the periphery of gene networks may play a large role
in controlling trait variation (Fagny & Austerlitz, 2021; Visscher
et al., 2017). Our study is one of very few to incorporate several
years of phenotypic data across many ecologically important traits
from a large common garden for a species with little to no popu-
lation structure. Additionally, our study is one of the first to em-
ploy multilocus GWA for a forest tree species (also see Bresadola
et al., 2019; de la Torre et al., 2021). This work adds to a growing
body of evidence that many ecologically important traits in forest
trees are polygenically controlled, with many genes of small effect

underlying phenotypic variation.

AUTHOR CONTRIBUTIONS

Jennifer F. L. Riehl: Conceptualization (equal); data curation (equal);
formal analysis (equal); funding acquisition (equal); investigation
(equal); methodology (lead); project administration (lead); valida-
tion (equal); visualization (lead); writing - original draft (lead); writ-
ing - review and editing (lead). Christopher T. Cole: Data curation
(equal); formal analysis (equal); investigation (equal); methodol-
ogy (supporting); project administration (equal); validation (equal);
visualization (supporting); writing - review and editing (support-
ing). Clay J. Morrow: Data curation (equal); formal analysis (equal);
investigation (equal); methodology (supporting); project adminis-
tration (equal); validation (supporting); visualization (supporting);
writing - review and editing (supporting). Hilary L. Barker: Data
curation (supporting); formal analysis (supporting); investigation
(supporting); methodology (equal); writing - review and editing
(supporting). Carolina Bernhardsson: Data curation (supporting);
formal analysis (equal); investigation (supporting); methodology
(equal); validation (equal); writing - review and editing (support-
ing). Kennedy Rubert-Nason: Data curation (supporting); investi-
gation (supporting); project administration (supporting); validation
(supporting); writing - review and editing (supporting). Par K. In-
gvarsson: Conceptualization (equal); data curation (supporting);
formal analysis (supporting); funding acquisition (equal); investiga-
tion (supporting); methodology (supporting); project administra-
tion (supporting); supervision (equal); writing - review and editing
(equal). Richard L. Lindroth: Conceptualization (equal); data cura-
tion (supporting); formal analysis (supporting); funding acquisition
(equal); investigation (supporting); methodology (supporting); pro-
ject administration (supporting); supervision (equal); writing - re-

view and editing (equal).

ACKNOWLEDGMENTS

This research was funded by the USDA-AFRI (Grants
2016-67013-25088 and 2017-67012-26107) and UW-Madison
(Hatch grant WIS01651). Some of the computational work was
supported through resources provided by the Swedish National

Infrastructure for Computing (SNIC) at Uppmax partially funded by
the Swedish Research Council through grant agreement no. 2018-
05973. We thank H. Barker, N. Giezendanner, M. Eisenring, O.
Cope, M. Zierden, A. Flansburg, Z. Li, A. Helm, K. Keefover-Ring, H.
Shanovich, N. Patton, A. Guenther, A. Richins, S. Clawson, E. Grat-
ton, J. Hutner, M. Farness, A. Wu, S. Jaeger, T. Matoska, M. Filia, R.
Eisenhower, D. Rutkowski, J. Schaefer, V. Bart, C. Larsen, J. Henning,
T. Pitcel, and Q. Klade for their assistance with field and lab work, S.
Schoville, W. Goodman, and M. Mazaheri for providing space and
support for RNA extraction and quality assessment, N. Street (Umea
University), E. Crisovan (Michigan State University Genomics Core),
and S.M.S. BonDurant (University of Wisconsin-Madison Gene
Expression Center) for advice on experimental approach and data
analysis, N. Delhomme (Umed& University) for his invaluable advice
and many conversations in analyzing and interpreting the RNA se-
quence data, and C. Koch (University of Wisconsin-Madison Center
for High Throughput Computing) for her advice and guidance in
using the high through-put computing system to run the multilocus
genome-wide association analyses. A portion of the phytochemical
data was provided by T. Kéllner and N. Lackus (Max Planck Institute

for Chemical Ecology, Jena, Germany).

DATA AVAILABILITY STATEMENT

WisAsp variant plink and GEMMA format files, phenotype data, and
DESeq2 format files: Dryad DOI: 10.5061/dryad.9zw3r22jr. Raw
DNA sequence data for all samples included in the genome-wide
association analyses are available through the European Nucleotide
Archive under accession number PRJEB30919. Raw RNA sequence
data for all samples included in the differential expression analysis are
available through the National Center for Biotechnology Information's
Sequence Read Archive under accession number PRJNA851830.

BENEFIT-SHARING STATEMENT
Benefits from this research accrue from the sharing of our data and
results on public databases as described above.

ORCID

Jennifer F. L. Riehl
Christopher T. Cole
Hilary L. Barker

https://orcid.org/0000-0002-8616-3569
https://orcid.org/0000-0003-1192-6960
https://orcid.org/0000-0002-2187-831X

Pdr K. Ingvarsson "= https://orcid.org/0000-0001-9225-7521

REFERENCES

Abugamar, S., Ajeb, S., Sham, A., Enan, M. R, & Iratni, R. (2013). A mu-
tation in the expansin-like A2 gene enhances resistance to necro-
trophic fungi and hypersensitivity to abiotic stress in Arabidopsis
thaliana. Molecular Plant Pathology, 14(8), 813-827. https://doi.
org/10.1111/mpp.12049

Adam, Z. (2013). Emerging roles for diverse intramembrane pro-
teases in plant biology. Biochimica et Biophysica Acta (BBA) -
Biomembranes, 1828(12), 2933-2936. https://doi.org/10.1016/j.
bbamem.2013.05.013

Afzal, A. J., Wood, A. J., & Lightfoot, D. A. (2008). Plant receptor-like
serine threonine kinases: Roles in signaling and plant defense.

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SaoNe YO ‘8SN J0 S8|nJ 10} AR1q1T8UIUO A8]IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U UO//SdY) SUONIPUOD pue swie 1 8y} 88S *[7202/20/ET] Uo AriqiTaul|uo A8 |IM 'Seousds imnouby JO AISAIUN USIPemS AQ TYSOT €898/200T 0T/I0P/W09 A8 |im Ake.q Ul |uo//Sdiy Woly pepeojumoa ‘0T ‘€202 '85L.SY02


https://doi.org/10.5061/dryad.9zw3r22jr
https://orcid.org/0000-0002-8616-3569
https://orcid.org/0000-0002-8616-3569
https://orcid.org/0000-0003-1192-6960
https://orcid.org/0000-0003-1192-6960
https://orcid.org/0000-0002-2187-831X
https://orcid.org/0000-0002-2187-831X
https://orcid.org/0000-0001-9225-7521
https://orcid.org/0000-0001-9225-7521
https://doi.org/10.1111/mpp.12049
https://doi.org/10.1111/mpp.12049
https://doi.org/10.1016/j.bbamem.2013.05.013
https://doi.org/10.1016/j.bbamem.2013.05.013

RIEHL ET AL.

Molecular Plant-Microbe Interactions, 21(5), 507-517. https://doi.
org/10.1094/MPMI-21-5-0507

Alexander, D. H., Novembre, J., & Lange, K. (2009). Fast model-based
estimation of ancestry in unrelated individuals. Genome Research,
19, 1655-1664. https://doi.org/10.1101/gr.094052.109

Ambawat, S., Sharma, P., Yadav, N. R, & Yadav, R. C. (2013). MYB tran-
scription factor genes as regulators for plant responses: An over-
view. Physiology and Molecular Biology of Plants: An International
Journal of Functional Plant Biology, 19(3), 307-321. https://doi.
org/10.1007/s12298-013-0179-1

An, Y., Zhou, Y., Han, X., Shen, C., Wang, S., Liu, C., Yin, W,, & Xia,
X. (2020). The GATA transcription factor GNC plays an im-
portant role in photosynthesis and growth in poplar. Journal of
Experimental Botany, 71(6), 1969-1984. https://doi.org/10.1093/
jxb/erz564

Andrews, S. (2010). FastQC: a quality control tool for high throughput se-
quence data.

Bailey, J. K., Wooley, S. C,, Lindroth, R. L., & Whitham, T. G. (2006).
Importance of species interactions to community heritability: A ge-
netic basis to trophic-level interactions. Ecology Letters, 9(1), 78-85.
https://doi.org/10.1111/j.1461-0248.2005.00844.x

Bangert, R. K., Turek, R. J,, Rehill, B., Wimp, G. M., Schweitzer, J. A.,
Allan, G. J., Bailey, J. K., Martinsen, G. D., Keim, P., Lindroth, R. L.,
& Whitham, T. G. (2006). A genetic similarity rule determines ar-
thropod community structure. Molecular Ecology, 15(5), 1379-1391.
https://doi.org/10.1111/j.1365-294X.2005.02749.x

Barkan, A., & Small, I. (2014). Pentatricopeptide repeat proteins in
plants. Annual Review of Plant Biology, 65(1), 415-442. https://doi.
org/10.1146/annurev-arplant-050213-040159

Barker, H. L., Holeski, L. M., & Lindroth, R. L. (2018). Genotypic variation
in plant traits shapes herbivorous insect and ant communities on a
foundation tree species. PLoS ONE, 13(7), e0200954. https://doi.
org/10.1371/journal.pone.0200954

Barker, H. L., Riehl, J. F., Bernhardsson, C., Rubert-Nason, K. F., Holeski,
L. M., Ingvarsson, P. K., & Lindroth, R. L. (2019). Linking plant genes
to insect communities: Identifying the genetic bases of plant traits
and community composition. Molecular Ecology, 28(19), 4404-
4421. https://doi.org/10.1111/mec.15158

Bates, D., Méachler, M., Bolker, B. M., & Walker, S. C. (2015). Fitting lin-
ear mixed-effects models using Ime4. Journal of Statistical Software,
67(1), 1-51. https://doi.org/10.18637/jss.v067.i01

Behringer, C., & Schwechheimer, C. (2015). B-GATA transcription factors
- insights into their structure, regulation, and role in plant devel-
opment. Frontiers in Plant Science, 6, 90. https://doi.org/10.3389/
fpls.2015.00090

Berlin, S., Lagercrantz, U., von Arnold, S., Ost, T., & Rénnberg-Wistljung,
A. C. (2010). High-density linkage mapping and evolution of par-
alogs and orthologs in Salix and Populus. BMC Genomics, 11, 129.
https://doi.org/10.1186/1471-2164-11-129

Bhattacharya, A., Kourmpetli, S., Ward, D. A., Thomas, S. G., Gong,
F., Powers, S. J., Carrera, E., Taylor, B., de Caceres Gonzalez,
F. N., Tudzynski, B., Phillips, A. L., Davey, M. R., & Hedden, P.
(2012). Characterization of the fungal gibberellin desaturase as a
2-oxoglutarate-dependent dioxygenase and its utilization for en-
hancing plant growth. Plant Physiology, 160(2), 837-845. https://
doi.org/10.1104/pp.112.201756

Boeckler, G. A., Gershenzon, J., & Unsicker, S. B. (2011). Phenolic glyco-
sides of the Salicaceae and their role as anti-herbivore defenses.
Phytochemistry, 72(13), 1497-1509. https://doi.org/10.1016/j.
phytochem.2011.01.038

Boeckler, G. A, Gershenzon, J., & Unsicker, S. B. (2013). Gypsy moth cat-
erpillar feeding has only a marginal impact on phenolic compounds
in old-growth black poplar. Journal of Chemical Ecology, 39(10),
1301-1312. https://doi.org/10.1007/s10886-013-0350-8

Bolger, A. M., Lohse, M., & Usadel, B. (2014). Trimmomatic: A flexi-
ble trimmer for lllumina sequence data. Bioinformatics (Oxford,

Ecology and Evolution 19 of 23
=t e W1 LEY- 2%

England), 30(15), 2114-2120. https://doi.org/10.1093/bioinforma
tics/btul70

Boyle, E. A, Li, Y. |, & Pritchard, J. K. (2017). An expanded view of com-
plex traits: From polygenic to omnigenic. Cell, 169(7), 1177-1186.
https://doi.org/10.1016/j.cell.2017.05.038

Brautigam, K., Soolanayakanahally, R., Champigny, M., Mansfield, S.,
Douglas, C., Campbell, M. M., & Cronk, Q. (2017). Sexual epi-
genetics: Gender-specific methylation of a gene in the sex de-
termining region of Populus balsamifera. Scientific Reports, 7, 1-8.
https://doi.org/10.1038/srep45388

Bresadola, L., Caseys, C., Castiglione, S., Buerkle, C. A., Wegmann, D.,
& Lexer, C. (2019). Admixture mapping in interspecific Populus hy-
brids identifies classes of genomic architectures for phytochemical,
morphological and growth traits. New Phytologist, 223(4), 2076~
2089. https://doi.org/10.1111/nph.15930

Callahan, C. M., Rowe, C. A,, Ryel, R. J., Shaw, J. D., Madritch, M. D.,
& Mock, K. E. (2013). Continental-scale assessment of genetic di-
versity and population structure in quaking aspen (Populus trem-
uloides). Journal of Biogeography, 40(9), 1780-1791. https://doi.
org/10.1111/jbi.12115

Carrasco, A., Wegrzyn, J. L., Duran, R., Fernandez, M., Donoso, A.,
Rodriguez, V., Neale, D., & Valenzuela, S. (2017). Expression profil-
ing in Pinus radiata infected with fusarium circinatum. Tree Genetics
& Genomes, 13, 1-17. https://doi.org/10.1007/s11295-017-1125-0

Chhetri, H. B., Macaya-Sanz, D., Kainer, D., Biswal, A. K., Evans, L. M.,
Chen, J. G., Collins, C., Hunt, K., Mohanty, S. S., Rosenstiel, T., Ryno,
D., Winkeler, K., Yang, X., Jacobson, D., Mohnen, D., Muchero,
W., Strauss, S. H., Tschaplinski, T. J., Tuskan, G. A., & DiFazio, S.
P. (2019). Multitrait genome-wide association analysis of Populus
trichocarpa identifies key polymorphisms controlling morphological
and physiological traits. New Phytologist, 223(1), 293-309. https://
doi.org/10.1111/nph.15777

Cole, C. T. (2005). Allelic and population variation of microsatellite loci
in aspen (Populus tremuloides). New Phytologist, 167(1), 155-164.
https://doi.org/10.1111/j.1469-8137.2005.01423.x

Cole, C. T., Morrow, C. J,, Barker, H. L., Rubert-Nason, K. F.,, Riehl, J. F.
L., Kéllner, T. G., Lackus, N. D., & Lindroth, R. L. (2021). Growing up
aspen: Ontogeny and trade-offs shape growth, defence and repro-
duction in a foundation species. Annals of Botany, 127(4), 505-517.
https://doi.org/10.1093/aob/mcaa070

Cole, C. T, Stevens, M. T., Anderson, J. E., & Lindroth, R. L. (2016).
Heterozygosity, gender, and the growth-defense trade-off in quak-
ing aspen. Oecologia, 181(2), 381-390. https://doi.org/10.1007/
s00442-016-3577-6

Cope, O. L., Keefover-Ring, K., Kruger, E. L., & Lindroth, R. L. (2021).
Growth-defense trade-offs shape population genetic composition
in an iconic forest tree species. Proceedings of the National Academy
of Sciences, 118(37), €2103162118. https://doi.org/10.1073/
pnas.2103162118

Cope, O. L., Kruger, E. L., Rubert-Nason, K. F., & Lindroth, R. L. (2019).
Chemical defense over decadal scales: Ontogenetic alloca-
tion trajectories and consequences for fitness in a foundation
tree species. Functional Ecology, 33(11), 2105-2115. https://doi.
org/10.1111/1365-2435.13425

Crutsinger, G. M. (2016). A community genetics perspective:
Opportunities for the coming decade. New Phytologist, 210(1), 65-
70. https://doi.org/10.1111/nph.13537

Danecek, P, Auton, A., Abecasis, G., Albers, C. A., Banks, E., DePristo, M.
A., Handsaker, R. E., Lunter, G., Marth, G. T, Sherry, S. T., McVean,
G., Durbin, R., & Analysis, 1000 Genomes Project. (2011). The vari-
ant call format and VCFtools. Bioinformatics, 27(15), 2156-2158.
https://doi.org/10.1093/bioinformatics/btr330

de la Torre, A. R., Puiu, D., Crepeau, M. W., Stevens, K., Salzberg, S.
L., Langley, C. H., & Neale, D. B. (2019). Genomic architecture of
complex traits in loblolly pine. New Phytologist, 221(4), 1789-1801.
https://doi.org/10.1111/nph.15535

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SaoNe YO ‘8SN J0 S8|nJ 10} AR1q1T8UIUO A8]IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U UO//SdY) SUONIPUOD pue swie 1 8y} 88S *[7202/20/ET] Uo AriqiTaul|uo A8 |IM 'Seousds imnouby JO AISAIUN USIPemS AQ TYSOT €898/200T 0T/I0P/W09 A8 |im Ake.q Ul |uo//Sdiy Woly pepeojumoa ‘0T ‘€202 '85L.SY02


https://doi.org/10.1094/MPMI-21-5-0507
https://doi.org/10.1094/MPMI-21-5-0507
https://doi.org/10.1101/gr.094052.109
https://doi.org/10.1007/s12298-013-0179-1
https://doi.org/10.1007/s12298-013-0179-1
https://doi.org/10.1093/jxb/erz564
https://doi.org/10.1093/jxb/erz564
https://doi.org/10.1111/j.1461-0248.2005.00844.x
https://doi.org/10.1111/j.1365-294X.2005.02749.x
https://doi.org/10.1146/annurev-arplant-050213-040159
https://doi.org/10.1146/annurev-arplant-050213-040159
https://doi.org/10.1371/journal.pone.0200954
https://doi.org/10.1371/journal.pone.0200954
https://doi.org/10.1111/mec.15158
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.3389/fpls.2015.00090
https://doi.org/10.3389/fpls.2015.00090
https://doi.org/10.1186/1471-2164-11-129
https://doi.org/10.1104/pp.112.201756
https://doi.org/10.1104/pp.112.201756
https://doi.org/10.1016/j.phytochem.2011.01.038
https://doi.org/10.1016/j.phytochem.2011.01.038
https://doi.org/10.1007/s10886-013-0350-8
https://doi.org/10.1093/bioinformatics/btu170
https://doi.org/10.1093/bioinformatics/btu170
https://doi.org/10.1016/j.cell.2017.05.038
https://doi.org/10.1038/srep45388
https://doi.org/10.1111/nph.15930
https://doi.org/10.1111/jbi.12115
https://doi.org/10.1111/jbi.12115
https://doi.org/10.1007/s11295-017-1125-0
https://doi.org/10.1111/nph.15777
https://doi.org/10.1111/nph.15777
https://doi.org/10.1111/j.1469-8137.2005.01423.x
https://doi.org/10.1093/aob/mcaa070
https://doi.org/10.1007/s00442-016-3577-6
https://doi.org/10.1007/s00442-016-3577-6
https://doi.org/10.1073/pnas.2103162118
https://doi.org/10.1073/pnas.2103162118
https://doi.org/10.1111/1365-2435.13425
https://doi.org/10.1111/1365-2435.13425
https://doi.org/10.1111/nph.13537
https://doi.org/10.1093/bioinformatics/btr330
https://doi.org/10.1111/nph.15535

RIEHL ET AL.

20 of 23 .
Ecol Evol
WI LE Y-Ecelogy and Evolution

de la Torre, A. R., Sekhwal, M. K., Puiu, D., Salzberg, S. L., Scott, A.
D., Allen, B., Neale, D. B., Chin, A. R. O., & Buckley, T. N. (2022).
Genome-wide association identifies candidate genes for drought
tolerance in coast redwood and giant sequoia. Plant Journal, 109,
7-22. https://doi.org/10.1111/tpj.15592

de la Torre, A. R., Wilhite, B., Puiu, D., St. Clair, J. B., Crepeau, M. W.,
Salzberg, S. L., Langley, C. H., Allen, B., & Neale, D. B. (2021).
Dissecting the polygenic basis of cold adaptation using genome-
wide association of traits and environmental data in Douglas-fir.
Genes, 12(1), 110. https://doi.org/10.3390/genes12010110

Donaldson, J. R., Kruger, E. L., & Lindroth, R. L. (2006). Competition- and
resource-mediated tradeoffs between growth and defensive chem-
istryintremblingaspen (Populus tremuloides). New Phytologist, 169(3),
561-570. https://doi.org/10.1111/j.1469-8137.2005.01613.x

Donaldson, J.R., & Lindroth, R. L.(2007). Genetics, environment, and their
interaction determine efficacy of chemical defense in trembling
aspen. Ecology, 88(3), 729-739. https://doi.org/10.1890/06-0064

Edwards, M. D., Symbor-Nagrabska, A., Dollard, L., Gifford, D. K., &
Fink, G. R. (2014). Interactions between chromosomal and non-
chromosomal elements reveal missing heritability. Proceedings of
the National Academy of Sciences, 111(21), 7719-7722. https://doi.
org/10.1073/pnas.1407126111

Enderle, J., Dorn, A., & Puchta, H. (2019). DNA- and DNA-protein-
crosslink repair in plants. International Journal of Molecular Sciences,
20(17), 4304. https://doi.org/10.3390/ijms20174304

Escamez, S., Luomaranta, M., Mahler, N., Gandla, M. L., Robinson,
K. M., Yassin, Z., Grahn, T., Scheepers, G., Stener, L.-G.,
Jonsson, L. J., Jansson, S., Street, N., & Tuominen, H. (2021).
Identification of genetic markers and wood properties that pre-
dict wood biorefinery potential in aspen bioenergy feedstock
(Populus tremula). BioRxiv, 2021.07.06.450716. https://doi.
org/10.1101/2021.07.06.450716

Ewels, P., Magnusson, M., Lundin, S., & Kaéller, M. (2016). MultiQC:
Summarize analysis results for multiple tools and samples in a
single report. Bioinformatics, 32(19), 3047-3048. https://doi.
org/10.1093/bioinformatics/btw354

Fagny, M., & Austerlitz, F. (2021). Polygenic adaptation: Integrating pop-
ulation genetics and gene regulatory networks. Trends in Genetics,
37(7), 631-638. https://doi.org/10.1016/].tig.2021.03.005

Fahrenkrog, A. M., Neves, L. G., Resende, M. F. R,, Vazquez, A. |., de
los Campos, G., Dervinis, C., Sykes, R., Davis, M., Davenport, R,
Barbazuk, W. B., & Kirst, M. (2017). Genome-wide association
study reveals putative regulators of bioenergy traits in Populus del-
toides. New Phytologist, 213(2), 799-811. https://doi.org/10.1111/
nph.14154

Falconer, D. S., & Mackay, T. F. C. (1996). Introduction to quantitative ge-
netics. Longman Group.

Fellenberg, C., Corea, O., Yan, L. H., Archinuk, F., Piirtola, E. M., Gordon,
H., Reichelt, M., Brandt, W., Wulff, J., Ehlting, J., & Peter Constabel,
C.(2020). Discovery of salicyl benzoate UDP-glycosyltransferase, a
central enzyme in poplar salicinoid phenolic glycoside biosynthesis.
Plant Journal, 102(1), 99-115. https://doi.org/10.1111/tpj.14615

Frewen, B. E., Chen, T. H. H., Howe, G. T., Davis, J., Rohde, A., Boerjan,
W., & Bradshaw, H. D., Jr. (2000). Quantitative trait loci and candi-
date gene mapping of bud set and bud flush in Populus. Genetics,
154(2), 837-845. https://doi.org/10.1093/genetics/154.2.837

Futschik, M. E., & Carlisle, B. (2005). Noise-robust soft clustering of
gene expression time-course data. Journal of Bioinformatics and
Computational Biology, 3(4), 965-988. https://doi.org/10.1142/
5$0219720005001375

Génin, E. (2020). Missing heritability of complex diseases: Case solved?
Human Genetics, 139(1), 103-113. https://doi.org/10.1007/s0043
9-019-02034-4

Gibson, G. (2012). Rare and common variants: Twenty arguments. Nature
Reviews Genetics, 13(2), 135-145. https://doi.org/10.1038/nrg3118

Open Access,

Goh, L., & Yap, V. B. (2009). Effects of normalization on quantitative
traits in association test. BMC Bioinformatics, 10, 1-8. https://doi.
org/10.1186/1471-2105-10-415

Gordon, H., Fellenberg, C., Lackus, N. D., Archinuk, F., Sproule, A.,
Nakamura, Y., Kollner, T. G., Gershenzon, J.,, Overy, D. P, &
Constabel, C. P. (2022). CRISPR/Cas9 disruption of UGT71L1 in
poplar connects salicinoid and salicylic acid metabolism and alters
growth and morphology. The Plant Cell, 34(8), 2925-2947. https://
doi.org/10.1093/plcell/koac135

Hallingback, H. R., Berlin, S., Nordh, N. E., Weih, M., & Rénnberg-
Wistljung, A. C. (2019). Genome wide associations of growth,
phenology, and plasticity traits in willow [Salix viminalis (L.)].
Frontiers in Plant Science, 10, 753. https://doi.org/10.3389/
fpls.2019.00753

Hardie, D. G.(1999). Plant protein serine/threonine kinases: Classification
and functions. Annual Review of Plant Physiology and Plant Molecular
Biology, 50(1), 97-131. https://doi.org/10.1146/annurev.arpla
nt.50.1.97

Herger, A., Dunser, K., Kleine-Vehn, J., & Ringli, C. (2019). Leucine-
rich repeat extensin proteins and their role in cell wall sensing.
Current Biology, 29(17), R851-R858. https://doi.org/10.1016/j.
cub.2019.07.039

Hernandez, R. D., Uricchio, L. H., Hartman, K., Ye, C., Dahl, A., & Zaitlen,
N. (2019). Ultrarare variants drive substantial cis heritability of
human gene expression. Nature Genetics, 51(9), 1349-1355. https://
doi.org/10.1038/s41588-019-0487-7

Holeski, L. M., McKenzie, S. C., Kruger, E. L., Couture, J. J., Rubert-Nason,
K., & Lindroth, R. L. (2016). Phytochemical traits underlie genotypic
variation in susceptibility of quaking aspen (Populus tremuloides) to
browsing by a keystone forest ungulate. Journal of Ecology, 104(3),
850-863. https://doi.org/10.1111/1365-2745.12559

Holliday, J. A., Aitken, S. N., Cooke, J. E. K., Fady, B., Gonzalez-Martinez,
S. C., Heuertz, M., Jaramillo-Correa, J.-P., Lexer, C., Staton, M.,
Whetten, R. W., & Plomion, C. (2017). Advances in ecological ge-
nomics in forest trees and applications to genetic resources conser-
vation and breeding. Molecular Ecology, 26(3), 706-717. https://doi.
org/10.1111/mec.13963

Huang, H., Cao, H., Niu, Y., & Dai, S. (2012). Expression analysis of nudix
hydrolase genes in chrysanthemum lavandulifolium. Plant Molecular
Biology Reporter, 30(4), 973-982. https://doi.org/10.1007/s1110
5-011-0401-7

Huang, V., Cui, X., Cen, H., Wang, K., & Zhang, Y. (2018). Transcriptomic
analysis reveals vacuolar Na+ (K+)/H+ antiporter gene contribut-
ing to growth, development, and defense in switchgrass (Panicum
virgatum L.). BMC Plant Biology, 18(1), 57. https://doi.org/10.1186/
s12870-018-1278-5

Hwang, J.-U., Song, W.-Y., Hong, D., Ko, D., Yamaoka, Y., Jang, S., Yim, S.,
Lee, E., Khare, D., Kim, K., Palmgren, M., Yoon, H. S., Martinoia, E.,
& Lee, Y. (2016). Plant ABC transporters enable many unique as-
pects of a terrestrial plant's lifestyle. Molecular Plant, 9(3), 338-355.
https://doi.org/10.1016/j.molp.2016.02.003

Ingvarsson, P. K., & Street, N. R. (2011). Association genetics of com-
plex traits in plants. New Phytologist, 189(4), 909-922. https://doi.
org/10.1111/j.1469-8137.2010.03593.x

Jiang, Y., Duan, Y., Yin, J., Ye, S, Zhu, J., Zhang, F.,, Lu, W,, Fan, D., &
Luo, K. (2014). Genome-wide identification and characterization of
the Populus WRKY transcription factor family and analysis of their
expression in response to biotic and abiotic stresses. Journal of
Experimental Botany, 65(22), 6629-6644. https://doi.org/10.1093/
jxb/eru381

Johnson, D. A, Hill, J. P, & Thomas, M. A. (2006). The monosac-
charide transporter gene family in land plants is ancient
and shows differential subfamily expression and expansion
across lineages. BMC Evolutionary Biology, 6(1), 64. https://doi.
org/10.1186/1471-2148-6-64

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SaoNe YO ‘8SN J0 S8|nJ 10} AR1q1T8UIUO A8]IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U UO//SdY) SUONIPUOD pue swie 1 8y} 88S *[7202/20/ET] Uo AriqiTaul|uo A8 |IM 'Seousds imnouby JO AISAIUN USIPemS AQ TYSOT €898/200T 0T/I0P/W09 A8 |im Ake.q Ul |uo//Sdiy Woly pepeojumoa ‘0T ‘€202 '85L.SY02


https://doi.org/10.1111/tpj.15592
https://doi.org/10.3390/genes12010110
https://doi.org/10.1111/j.1469-8137.2005.01613.x
https://doi.org/10.1890/06-0064
https://doi.org/10.1073/pnas.1407126111
https://doi.org/10.1073/pnas.1407126111
https://doi.org/10.3390/ijms20174304
https://doi.org/10.1101/2021.07.06.450716
https://doi.org/10.1101/2021.07.06.450716
https://doi.org/10.1093/bioinformatics/btw354
https://doi.org/10.1093/bioinformatics/btw354
https://doi.org/10.1016/j.tig.2021.03.005
https://doi.org/10.1111/nph.14154
https://doi.org/10.1111/nph.14154
https://doi.org/10.1111/tpj.14615
https://doi.org/10.1093/genetics/154.2.837
https://doi.org/10.1142/S0219720005001375
https://doi.org/10.1142/S0219720005001375
https://doi.org/10.1007/s00439-019-02034-4
https://doi.org/10.1007/s00439-019-02034-4
https://doi.org/10.1038/nrg3118
https://doi.org/10.1186/1471-2105-10-415
https://doi.org/10.1186/1471-2105-10-415
https://doi.org/10.1093/plcell/koac135
https://doi.org/10.1093/plcell/koac135
https://doi.org/10.3389/fpls.2019.00753
https://doi.org/10.3389/fpls.2019.00753
https://doi.org/10.1146/annurev.arplant.50.1.97
https://doi.org/10.1146/annurev.arplant.50.1.97
https://doi.org/10.1016/j.cub.2019.07.039
https://doi.org/10.1016/j.cub.2019.07.039
https://doi.org/10.1038/s41588-019-0487-7
https://doi.org/10.1038/s41588-019-0487-7
https://doi.org/10.1111/1365-2745.12559
https://doi.org/10.1111/mec.13963
https://doi.org/10.1111/mec.13963
https://doi.org/10.1007/s11105-011-0401-7
https://doi.org/10.1007/s11105-011-0401-7
https://doi.org/10.1186/s12870-018-1278-5
https://doi.org/10.1186/s12870-018-1278-5
https://doi.org/10.1016/j.molp.2016.02.003
https://doi.org/10.1111/j.1469-8137.2010.03593.x
https://doi.org/10.1111/j.1469-8137.2010.03593.x
https://doi.org/10.1093/jxb/eru381
https://doi.org/10.1093/jxb/eru381
https://doi.org/10.1186/1471-2148-6-64
https://doi.org/10.1186/1471-2148-6-64

RIEHL ET AL.

Josephs, E. B., Stinchcombe, J. R., & Wright, S. I. (2017). What can
genome-wide association studies tell us about the evolutionary
forces maintaining genetic variation for quantitative traits? New
Phytologist, 214(1), 21-33. https://doi.org/10.1111/nph.14410

Kopylova, E., Noé, L., & Touzet, H. (2012). SortMeRNA: Fast and ac-
curate filtering of ribosomal RNAs in metatranscriptomic data.
Bioinformatics, 28(24), 3211-3217. https://doi.org/10.1093/bioin
formatics/btsé611

Kumar, L., & Futschik, M. E. (2007). Mfuzz: A software package for soft
clustering of microarray data. Bioinformation, 2(1), 5-7. https://doi.
org/10.6026/97320630002005

Lin, Y. C.,, Wang, J., Delhomme, N., Schiffthaler, B., Sundstrom, G.,
Zuccolo, A., Nystedt, B., Hvidsten, T. R., de la Torre, A., Cossu, R. M.,
Hoeppner, M. P,, Lantz, H., Scofield, D. G., Zamani, N., Johansson,
A., Mannapperuma, C., Robinson, K. M., Mahler, N., Leitch, 1., ...
Street, N. R. (2018). Functional and evolutionary genomic infer-
ences in Populus through genome and population sequencing of
American and European aspen. Proceedings of the National Academy
of Sciences of the United States of America, 115(46), E10970-E10978.
https://doi.org/10.1073/pnas.1801437115

Lind, B. M., Menon, M., Bolte, C. E., Faske, T. M., & Eckert, A. J. (2018).
The genomics of local adaptation in trees: Are we out of the woods
yet? Tree Genetics & Genomes, 14, 29. https://doi.org/10.1007/
$11295-017-1224-y

Lindroth, R. L., & St. Clair, S. B. (2013). Adaptations of quaking aspen
(Populus tremuloides Michx.) for defense against herbivores. Forest
Ecology and Management, 299, 14-21. https://doi.org/10.1016/j.
foreco.2012.11.018

Lindroth, R. L., Wooley, S. C., Donaldson, J. R., Rubert-Nason, K. F.,
Morrow, C. J., & Mock, K. E. (2023). Phenotypic variation in phy-
tochemical defense of trembling aspen in western North America:
Genetics, development and geography. Journal of Chemical Ecology,
49,235-250. Advance Online Publication. https://doi.org/10.1007/
s10886-023-01409-2

Liu, W., & Gendron, J. M. (2020). Same concept different outcomes:
Sugars determine circadian clock protein fate in animals and
plants. Molecular Plant, 13(3), 360-362. https://doi.org/10.1016/j.
molp.2020.02.013

Love, M. |, Huber, W., & Anders, S. (2014). Moderated estimation of fold
change and dispersion for RNA-seq data with DESeq2. Genome
Biology, 15(12), 550. https://doi.org/10.1186/s13059-014-0550-8

Madritch, M. D., Greene, S. L., & Lindroth, R. L. (2009). Genetic mo-
saics of ecosystem functioning across aspen-dominated land-
scapes. Oecologia, 160(1), 119-127. https://doi.org/10.1007/s0044
2-009-1283-3

Madson, C. (1996). Trees born of fire and ice: Glaciers and wildfires have
shaped the biology of the aspen, North America's most widely dis-
tributed tree. National Wildlife, 34, 28-35.

Maher, B. (2008). Personal genomes: The case of the missing heritability.
Nature, 456(7218), 18-21. https://doi.org/10.1038/456018a

Maéhler, N., Schiffthaler, B., Robinson, K. M., Terebieniec, B. K., Vucak,
M., Mannapperuma, C., Bailey, M. E. S., Jansson, S., Hvidsten, T. R.,
& Street, N. R. (2020). Leaf shape in Populus tremula is a complex,
omnigenic trait. Ecoloy and Evolution, 10, 11922-11940. https://doi.
org/10.1002/ece3.6691

Mabhler, N., Wang, J., Terebieniec, B. K., Ingvarsson, P. K., Street, N. R.,
& Hvidsten, T. R. (2017). Gene co-expression network connectivity
is an important determinant of selective constraint. PLoS Genetics,
13(4), e1006402. https://doi.org/10.1371/journal.pgen.1006402

Mandaokar, A., & Browse, J. (2009). MYB108 acts together with MYB24
to regulate jasmonate-mediated stamen maturation in Arabidopsis.
Plant Physiology, 149(2), 851-862. https://doi.org/10.1104/
pp.108.132597

Marouli, E., Graff, M., Medina-Gomez, C., Lo, K. S., Wood, A. R., Kjaer,
T. R, Fine, R. S., Lu, Y., Schurmann, C., Highland, H. M., Rieger,
S., Thorleifsson, G., Justice, A. E., Lamparter, D., Stirrups, K. E.,

Ecology and Evolution 210f 23
=t e W1 LEYy- 2%

Turcot, V., Young, K. L., Winkler, T. W., Esko, T., ... Thompson, D. J.
(2017). Rare and low-frequency coding variants alter human adult
height. Nature, 542(7640), 186-190. https://doi.org/10.1038/
nature21039

Martinoia, E., Klein, M., Geisler, M., Bovet, L., Forestier, C., Kolukisaoglu,
U., & Miiller-Réber, Bernd Schulz, B. (2002). Multifunctionality of
plant ABC transporters-more than just detoxifiers. Planta, 214(3),
345-355. https://doi.org/10.1007/s004250100661

McKown, A. D., Klapsté, J., Guy, R. D., El-Kassaby, Y. A., & Mansfield, S.
D. (2018). Ecological genomics of variation in bud-break phenology
and mechanisms of response to climate warming in Populus tricho-
carpa. New Phytologist, 220(1), 300-316. https://doi.org/10.1111/
nph.15273

Mitton, J. B., & Grant, M. C. (1996). Genetic variation and the natural
history of quaking aspen. Bioscience, 46(1), 25-31. https://doi.
org/10.2307/1312652

Money, D., Gardner, K., Migicovsky, Z., Schwaninger, H., Zhong, G. Y., &
Myles, S. (2015). Linklmpute: Fast and accurate genotype imputa-
tion for nonmodel organisms. G3: Genes, Genomes, Genetics, 5(11),
2383-2390. https://doi.org/10.1534/g3.115.021667

Morrow, C. J. (2022). Genomic variation in aspen underlies variation
in insect communities in insect communities. In Investigating
Ecological Variation and Statistical Tools for Testing Ecological
Hypotheses (pp. 25-37). (Doctoral dissertation, The University of
Wisconsin-Madison).

Miuiller,N. A, Kersten, B., Leite Montalvao, A. P.,Mahler, N., Bernhardsson,
C., Brautigam, K., Carracedo Lorenzo, Z., Hoenicka, H., Kumar,
V., Mader, M., Pakull, B., Robinson, K. M., Sabatti, M., Vettori, C.,
Ingvarsson, P. K., Cronk, Q., Street, N. R., & Fladung, M. (2020). A
single gene underlies the dynamic evolution of poplar sex deter-
mination. Nature Plants, 6(6), 630-637. https://doi.org/10.1038/
s41477-020-0672-9

Ogawa, T., Yoshimura, K., Miyake, H., Ishikawa, K., Ito, D., Tanabe, N., &
Shigeoka, S. (2008). Molecular characterization of organelle-type
NUDIX hydrolases in Arabidopsis. Plant Physiology, 148(3), 1412-
1424. https://doi.org/10.1104/pp.108.128413

Osier, T. L., & Lindroth, R. L. (2006). Genotype and environment de-
termine allocation to and costs of resistance in quaking aspen.
Oecologia, 148(2), 293-303. https://doi.org/10.1007/s0044
2-006-0373-8

Pakull, B., Kersten, B., Lineburg, J., & Fladung, M. (2015). A simple PCR-
based marker to determine sex in aspen. Plant Biology, 17(1), 256~
261. https://doi.org/10.1111/plb.12217

Patro, R., Duggal, G., Love, M. 1, Irizarry, R. A., & Kingsford, C. (2017).
Salmon provides fast and bias-aware quantification of transcript ex-
pression. Nature Methods, 14(4), 417-419. https://doi.org/10.1038/
nmeth.4197

Petit, R. J., & Hampe, A. (2006). Some evolutionary consequences of being
a tree. Annual Review of Ecology, Evolution, and Systematics, 37(1), 187-
214. https://doi.org/10.1146/annurev.ecolsys.37.091305.110215

R Core Team. (2018). R: A language and environment for statistical comput-
ing. R Foundation for Statistical Computing.

Refsland, T. K., & Cushman, J. H. (2021). Continent-wide synthesis of
the long-term population dynamics of quaking aspen in the face
of accelerating human impacts. Oecologia, 197, 25-42. https://doi.
org/10.1007/s00442-021-05013-7

Reyes, J. C., Muro-Pastor, M. |., & Florencio, F. J. (2004). The GATA fam-
ily of transcription factors in Arabidopsis and rice. Plant Physiology,
134(4), 1718-1732. https://doi.org/10.1104/pp.103.037788

Robinson, M. R., Wray, N. R., & Visscher, P. M. (2014). Explaining addi-
tional genetic variation in complex traits. Trends in Genetics, 30(4),
124-132. https://doi.org/10.1016/j.tig.2014.02.003

Rogers, P. C., Pinno, B. D., Sebesta, J., Albrectsen, B. R., Li, G., lvanova,
N., Kusbach, A., Kuuluvainen, T. Landh&usser, S. M., Liu, H.,
Myking, T., Pulkkinen, P., Wen, Z., & Kulakowski, D. (2020). A global
view of aspen: Conservation science for widespread keystone

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SaoNe YO ‘8SN J0 S8|nJ 10} AR1q1T8UIUO A8]IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U UO//SdY) SUONIPUOD pue swie 1 8y} 88S *[7202/20/ET] Uo AriqiTaul|uo A8 |IM 'Seousds imnouby JO AISAIUN USIPemS AQ TYSOT €898/200T 0T/I0P/W09 A8 |im Ake.q Ul |uo//Sdiy Woly pepeojumoa ‘0T ‘€202 '85L.SY02


https://doi.org/10.1111/nph.14410
https://doi.org/10.1093/bioinformatics/bts611
https://doi.org/10.1093/bioinformatics/bts611
https://doi.org/10.6026/97320630002005
https://doi.org/10.6026/97320630002005
https://doi.org/10.1073/pnas.1801437115
https://doi.org/10.1007/s11295-017-1224-y
https://doi.org/10.1007/s11295-017-1224-y
https://doi.org/10.1016/j.foreco.2012.11.018
https://doi.org/10.1016/j.foreco.2012.11.018
https://doi.org/10.1007/s10886-023-01409-2
https://doi.org/10.1007/s10886-023-01409-2
https://doi.org/10.1016/j.molp.2020.02.013
https://doi.org/10.1016/j.molp.2020.02.013
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1007/s00442-009-1283-3
https://doi.org/10.1007/s00442-009-1283-3
https://doi.org/10.1038/456018a
https://doi.org/10.1002/ece3.6691
https://doi.org/10.1002/ece3.6691
https://doi.org/10.1371/journal.pgen.1006402
https://doi.org/10.1104/pp.108.132597
https://doi.org/10.1104/pp.108.132597
https://doi.org/10.1038/nature21039
https://doi.org/10.1038/nature21039
https://doi.org/10.1007/s004250100661
https://doi.org/10.1111/nph.15273
https://doi.org/10.1111/nph.15273
https://doi.org/10.2307/1312652
https://doi.org/10.2307/1312652
https://doi.org/10.1534/g3.115.021667
https://doi.org/10.1038/s41477-020-0672-9
https://doi.org/10.1038/s41477-020-0672-9
https://doi.org/10.1104/pp.108.128413
https://doi.org/10.1007/s00442-006-0373-8
https://doi.org/10.1007/s00442-006-0373-8
https://doi.org/10.1111/plb.12217
https://doi.org/10.1038/nmeth.4197
https://doi.org/10.1038/nmeth.4197
https://doi.org/10.1146/annurev.ecolsys.37.091305.110215
https://doi.org/10.1007/s00442-021-05013-7
https://doi.org/10.1007/s00442-021-05013-7
https://doi.org/10.1104/pp.103.037788
https://doi.org/10.1016/j.tig.2014.02.003

RIEHL ET AL.

22 of 23 1
Ecol Evol
Wl LEY-Ecology and Evolution

systems. Global Ecology and Conservation, 21, e00828. https://doi.
org/10.1016/j.gecco.2019.e00828

Rohde, A., Storme, V., Jorge, V., Gaudet, M., Vitacolonna, N., Fabbrini,
F., Ruttink, T., Zaina, G., Marron, N., Dillen, S., Steenackers, M.,
Sabatti, M., Morgante, M., Boerjan, W., & Bastien, C. (2011). Bud
set in poplar - genetic dissection of a complex trait in natural and
hybrid populations. New Phytologist, 189(1), 106-121. https://doi.
org/10.1111/j.1469-8137.2010.03469.x

Rubert-Nason, K., Keefover-Ring, K., & Lindroth, R. L. (2018). Purification
and analysis of salicinoids. Current Analytical Chemistry, 14(4), 423-
429. https://doi.org/10.2174/1573411014666171221131933

Rubert-Nason, K. F., Holeski, L. M., Couture, J. J., Gusse, A., Undersander,
D. J., & Lindroth, R. L. (2013). Rapid phytochemical analysis of birch
(Betula) and poplar (Populus) foliage by near-infrared reflectance
spectroscopy. Analytical and Bioanalytical Chemistry, 405(4), 1333-
1344. https://doi.org/10.1007/s00216-012-6513-6

Rubert-Nason, K. F., & Lindroth, R. L. (2021). Causes and consequences
of condensed tannin variation in Populus. Recent Advances in
Polyphenol Research, 7, 69-112. https://doi.org/10.1002/97811
19545958.ch4

Schiffthaler, B., Delhomme, N., Bernhardsson, C., Jenkins, J., Jansson,
S., Ingvarsson, P., Schmutz, J., & Street, N. (2019). An improved
genome assembly of the European aspen Populus tremula. BioRxiv,
805614. https://doi.org/10.1101/805614

Schurch, N. J., Schofield, P., Gierlinski, M., Cole, C., Sherstnev, A.,
Singh, V., Wrobel, N., Gharbi, K., Simpson, G. G., Owen-Hughes,
T., Blaxter, M., & Barton, G. J. (2016). How many biological repli-
cates are needed in an RNA-seq experiment and which differential
expression tool should you use? RNA, 22(6), 839-851. https://doi.
org/10.1261/rna.053959.115

Schwammle, V., & Jensen, O. N. (2010). A simple and fast method to
determine the parameters for fuzzy c-means cluster analysis.
Bioinformatics, 26(22), 2841-2848. https://doi.org/10.1093/bioin
formatics/btq534

Schweitzer, J. A, Bailey, J. K., Rehill, B. J., Martinsen, G. D., Hart, S. C.,
Lindroth, R. L., Keim, P., & Whitham, T. G. (2004). Genetically based
traitinadominant tree affects ecosystem processes. Ecology Letters,
7(2), 127-134. https://doi.org/10.1111/j.1461-0248.2003.00562.x

Snustad, D. P., Haas, N. A., Kopczak, S. D., & Silflow, C. D. (1992). The
small genome of Arabidopsis contains at least nine expressed
beta-tubulin genes. The Plant Cell, 4(5), 549-556. https://doi.
org/10.1105/tpc.4.5.549

Stephens, M. (2013). A unified framework for association analysis with
multiple related phenotypes. PLoS ONE, 8(7), e65245. https://doi.
org/10.1371/journal.pone.0065245

Stevens, M. T., Waller, D. M., & Lindroth, R. L. (2007). Resistance and tol-
erance in Populus tremuloides: Genetic variation, costs, and environ-
mental dependency. Evolutionary Ecology, 21(6), 829-847. https://
doi.org/10.1007/s10682-006-9154-4

Stinchcombe, J., & Hoekstra, H. (2008). Combining population genomics
and quantitative genetics: Finding the genes underlying ecologically
important traits. Heredity, 100, 158-170. https://doi.org/10.1038/
sj.hdy.6800937

Storey, J. D., & Tibshirani, R. (2003). Statistical significance for genome-
wide studies. Proceedings of the National Academy of Sciences,
100(16), 9440-9445. https://doi.org/10.1073/pnas.1530509100

Visscher, P. M., Wray, N. R., Zhang, Q., Sklar, P., McCarthy, M. I., Brown,
M. A, &Yang, J. (2017). 10years of GWAS discovery: Biology, func-
tion, and translation. American Journal of Human Genetics, 101(1),
5-22. https://doi.org/10.1016/j.ajhg.2017.06.005

Wang, H., Avci, U., Nakashima, J., Hahn, M. G., Chen, F., & Dixon, R. A.
(2010). Mutation of WRKY transcription factors initiates pith sec-
ondary wall formation and increases stem biomass in dicotyledon-
ous plants. Proceedings of the National Academy of Sciences, 107(51),
22338-22343. https://doi.org/10.1073/pnas.1016436107

Open Access,

Wang, J., Ding, J., Tan, B., Robinson, K. M., Michelson, I. H., Johansson,
A., Nystedt, B., Scofield, D. G., Nilsson, O., Jansson, S., Street, N.
R., & Ingvarsson, P. K. (2018). A major locus controls local adapta-
tion and adaptive life history variation in a perennial plant. Genome
Biology, 19(1), 72. https://doi.org/10.1186/s13059-018-1444-y

Wang, J., Street, N. R., Scofield, D. G., & Ingvarsson, P. K. (2016). Natural
selection and recombination rate variation shape nucleotide
polymorphism across the genomes of three related populus spe-
cies. Genetics, 202(3), 1185-1200. https://doi.org/10.1534/genet
ics.115.183152

Whitham, T. G., Bailey, J. K., Schweitzer, J. A., Shuster, S. M., Bangert,
R. K., LeRoy, C. J, Lonsdorf, E. V., Allan, G. J., DiFazio, S. P, &
Potts, B. M. (2006). A framework for community and ecosystem
genetics: From genes to ecosystems. Nature Reviews Genetics,
7(7), 510-523.

Whitham, T. G., DiFazio, S. P., Schweitzer, J. A., Shuster, S. M., Allan, G.
J., Bailey, J. K., & Woolbright, S. A. (2008). Extending genomics to
natural communities and ecosystems. Science, 320(5875), 492-495.

Wood, A. R., Esko, T., Yang, J., Vedantam, S., Pers, T. H., Gustafsson, S.,
Chu, A. Y., Estrada, K., Luan, J., Kutalik, Z., Amin, N., Buchkovich, M.
L., Croteau-Chonka, D. C., Day, F. R., Duan, Y., Fall, T., Fehrmann, R.,
Ferreira, T., Jackson, A. U,, ... Madden, P. A. F. (2014). Defining the
role of common variation in the genomic and biological architecture
of adult human height. Nature Genetics, 46(11), 1173-1186. https://
doi.org/10.1038/ng.3097

Xie, M., Zhang, J., Tschaplinski, T. J., Tuskan, G. A., Chen, J.-G., & Muchero,
W. (2018). Regulation of lignin biosynthesis and its role in growth-
defense tradeoffs. Frontiers in Plant Science, 9, 1427. https://doi.
org/10.3389/fpls.2018.01427

Yang, J., Benyamin, B., McEvoy, B. P.,, Gordon, S., Henders, A. K., Nyholt,
D. R., Madden, P. A, Heath, A. C., Martin, N. G., Montgomery, G.
W., Goddard, M. E., & Visscher, P. M. (2010). Common SNPs ex-
plain a large proportion of the heritability for human height. Nature
Genetics, 42(7), 565-569. https://doi.org/10.1038/ng.608

Yang, X., Li, X., Li, B., & Zhang, D. (2014). Identification of genes differ-
entially expressed in shoot apical meristems and in mature xylem of
Populus tomentosa. Plant Molecular Biology Reporter, 32(2), 452-464.
https://doi.org/10.1007/s11105-013-0660-6

Young, A.1.(2019). Solving the missing heritability problem. PLoS Genetics,
15(6), e1008222. https://doi.org/10.1371/journal.pgen.1008222

Zentella, R., Sui, N., Barnhill, B., Hsieh, W.-P., Hu, J., Shabanowitz, J.,
Boyce, M., Olszewski, N. E., Zhou, P.,, Hunt, D. F., & Sun, T. (2017).
The Arabidopsis O-fucosyltransferase SPINDLY activates nuclear
growth repressor DELLA. Nature Chemical Biology, 13(5), 479-485.
https://doi.org/10.1038/nchembio.2320

Zhang, J., Yang, Y., Zheng, K., Xie, M., Feng, K., Jawdy, S. S., Gunter,
L. E., Ranjan, P., Singan, V. R., Engle, N., Lindquist, E., Barry, K.,
Schmutz, J., Zhao, N., Tschaplinski, T. J., LeBoldus, J., Tuskan, G.
A., Chen, J.-G., & Muchero, W. (2018). Genome-wide association
studies and expression-based quantitative trait loci analyses reveal
roles of HCT2 in caffeoylquinic acid biosynthesis and its regula-
tion by defense-responsive transcription factors in Populus. New
Phytologist, 220(2), 502-516. https://doi.org/10.1111/nph.15297

Zhao, K., Cheng, Z., Guo, Q., Yao, W., Liu, H., Zhou, B., & Jiang, T. (2020).
Characterization of the poplar R2R3-MYB gene family and over-
expression of PsnMYB108 confers salt tolerance in transgenic to-
bacco. Frontiers in Plant Science, 11, 1548. https://doi.org/10.3389/
fpls.2020.571881

Zhou, X., Carbonetto, P., & Stephens, M. (2013). Polygenic modeling
with Bayesian sparse linear mixed models. PLoS Genetics, 9(2),
e€1003264. https://doi.org/10.1371/journal.pgen.1003264

Zhou, Y., Zhang, Z., Bao, Z., Li, H., Lyu, Y., Zan, Y., Wu, Y., Cheng, L.,
Fang, Y., Wu, K., Zhang, J., Lyu, H., Lin, T., Gao, Q., Saha, S.,
Mueller, L., Fei, Z., Stadler, T., Xu, S., ... Huang, S. (2022). Graph
pangenome captures missing heritability and empowers tomato

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SaoNe YO ‘8SN J0 S8|nJ 10} AR1q1T8UIUO A8]IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U UO//SdY) SUONIPUOD pue swie 1 8y} 88S *[7202/20/ET] Uo AriqiTaul|uo A8 |IM 'Seousds imnouby JO AISAIUN USIPemS AQ TYSOT €898/200T 0T/I0P/W09 A8 |im Ake.q Ul |uo//Sdiy Woly pepeojumoa ‘0T ‘€202 '85L.SY02


https://doi.org/10.1016/j.gecco.2019.e00828
https://doi.org/10.1016/j.gecco.2019.e00828
https://doi.org/10.1111/j.1469-8137.2010.03469.x
https://doi.org/10.1111/j.1469-8137.2010.03469.x
https://doi.org/10.2174/1573411014666171221131933
https://doi.org/10.1007/s00216-012-6513-6
https://doi.org/10.1002/9781119545958.ch4
https://doi.org/10.1002/9781119545958.ch4
https://doi.org/10.1101/805614
https://doi.org/10.1261/rna.053959.115
https://doi.org/10.1261/rna.053959.115
https://doi.org/10.1093/bioinformatics/btq534
https://doi.org/10.1093/bioinformatics/btq534
https://doi.org/10.1111/j.1461-0248.2003.00562.x
https://doi.org/10.1105/tpc.4.5.549
https://doi.org/10.1105/tpc.4.5.549
https://doi.org/10.1371/journal.pone.0065245
https://doi.org/10.1371/journal.pone.0065245
https://doi.org/10.1007/s10682-006-9154-4
https://doi.org/10.1007/s10682-006-9154-4
https://doi.org/10.1038/sj.hdy.6800937
https://doi.org/10.1038/sj.hdy.6800937
https://doi.org/10.1073/pnas.1530509100
https://doi.org/10.1016/j.ajhg.2017.06.005
https://doi.org/10.1073/pnas.1016436107
https://doi.org/10.1186/s13059-018-1444-y
https://doi.org/10.1534/genetics.115.183152
https://doi.org/10.1534/genetics.115.183152
https://doi.org/10.1038/ng.3097
https://doi.org/10.1038/ng.3097
https://doi.org/10.3389/fpls.2018.01427
https://doi.org/10.3389/fpls.2018.01427
https://doi.org/10.1038/ng.608
https://doi.org/10.1007/s11105-013-0660-6
https://doi.org/10.1371/journal.pgen.1008222
https://doi.org/10.1038/nchembio.2320
https://doi.org/10.1111/nph.15297
https://doi.org/10.3389/fpls.2020.571881
https://doi.org/10.3389/fpls.2020.571881
https://doi.org/10.1371/journal.pgen.1003264

RIEHL ET AL.

breeding. Nature, 606(7914), 527-534. https://doi.org/10.1038/
s41586-022-04808-9

Zuk, O., Hechter, E., Sunyaey, S. R., & Lander, E. S. (2012). The mystery
of missing heritability: Genetic interactions create phantom herita-
bility. Proceedings of the National Academy of Sciences of the United
States of America, 109(4), 1193-1198. https://doi.org/10.1073/
pnas.1119675109

SUPPORTING INFORMATION
Additional supporting information can be found online in the

Supporting Information section at the end of this article.

Ecology and Evolution 23 of 23
=t e W1 LEY- 2%

How to cite this article: Riehl, J. F. L., Cole, C. T., Morrow,
C. J., Barker, H. L., Bernhardsson, C., Rubert-Nason, K.,
Ingvarsson, P. K., & Lindroth, R. L. (2023). Genomic and
transcriptomic analyses reveal polygenic architecture for
ecologically important traits in aspen (Populus tremuloides
Michx.). Ecology and Evolution, 13, e10541. https://doi.
org/10.1002/ece3.10541

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SaoNe YO ‘8SN J0 S8|nJ 10} AR1q1T8UIUO A8]IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U UO//SdY) SUONIPUOD pue swie 1 8y} 88S *[7202/20/ET] Uo AriqiTaul|uo A8 |IM 'Seousds imnouby JO AISAIUN USIPemS AQ TYSOT €898/200T 0T/I0P/W09 A8 |im Ake.q Ul |uo//Sdiy Woly pepeojumoa ‘0T ‘€202 '85L.SY02


https://doi.org/10.1038/s41586-022-04808-9
https://doi.org/10.1038/s41586-022-04808-9
https://doi.org/10.1073/pnas.1119675109
https://doi.org/10.1073/pnas.1119675109
https://doi.org/10.1002/ece3.10541
https://doi.org/10.1002/ece3.10541

	Genomic and transcriptomic analyses reveal polygenic architecture for ecologically important traits in aspen (Populus tremuloides Michx.)
	Abstract
	1|INTRODUCTION
	2|METHODS
	2.1|WisAsp common garden
	2.2|Phenotypic data
	2.3|Genomic data
	2.4|Transcriptomic data
	2.5|Genome-­wide association analyses
	2.6|Transcriptomic analyses

	3|RESULTS
	3.1|Genetic architecture of tree traits
	3.1.1|Broad-­sense heritabilities
	3.1.2|Multilocus GWA results

	3.2|Candidate genes: Single-­locus GWA results
	3.3|Differential expression and soft cluster analyses

	4|DISCUSSION
	4.1|Most aspen growth and defense traits have a polygenic architecture
	4.2|Differentially expressed genes are associated with defense-­related phytochemistry
	4.3|Relevance to “community genetics” and “genes-­to-­ecosystems” science
	4.4|On the omnigenic model of polygenic architecture
	4.5|Study limitations
	4.6|Conclusions

	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	DATA AVAILABILITY STATEMENT

	BENEFIT-­SHARING STATEMENT
	REFERENCES


