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Abstract
The massive scale and cold temperature of Lake Superior creates unique microclimates in
coastal terrestrial environments resulting in cooler summers, an extended fall season,
warmer winters, and a reduced risk of spring frost. This gives rise to a steep climate
gradient from coastal to inland regions that could lead to genetic differentiation among
populations. To test this hypothesis, we studied Northern red oak (Quercus rubra L.) to
examine phenotypic and molecular differentiation among populations ranging from 1—
160 km from the lake shore. In a common garden experiment, we found 30% of
germination and juvenile traits differed significantly from expectation. We also used
restriction site associated DNA sequencing (RAD-seq) to examine population structure
and genomic signatures of selection in these populations. Our results suggest that, in
contrast to quantitative traits, Q. rubra populations are not differentiated at neutral
genetic markers according to their distance from Lake Superior. However, unexpectedly,
we also found evidence of increasing levels of introgression from the closely related
species Quercus ellipsoidalis E.J. Hill into Q. rubra as species overlap and population
distance from the lake increased. Our scan for selection and environmental association
analysis identified one outlier locus in common, and this locus is associated with the
precipitation of the wettest month. Overall, despite the lack of molecular population
structure, the common garden experiment revealed that Q. rubra populations differ for
key phenotypic traits. This, in combination with the genomic scans for selection, suggests
the influence of natural selection driven by climate heterogeneity with increasing distance
from the lake. Moreover, this is the first study that has jointly leveraged quantitative and
molecular genetics to dissect signatures of selection in Q. rubra across a fine

geographical scale.



Introduction
Within a single species, genetic differentiation can occur among populations as a
consequence of stochastic or adaptive evolutionary processes (Joshi et al., 2001). These
differences can often be identified at both the molecular and phenotypic level (De Kort et
al., 2014; de Villemereuil et al., 2016; Dempewolf et al., 2015; Ramirez-Valiente et al.,
2018; Sork et al., 2013). Ideally, combining molecular and quantitative techniques can
provide high inferential power and evidence of the potential for plant species to adapt to
their local environment (Berlin et al., 2014; Rasanen & Hendry, 2008). The combination
of genomic and quantitative techniques can unravel the confounding effect of hidden
population structure, and the combined effects of genetic drift, gene flow, natural
selection, and phenotypic plasticity. Molecular markers can be used to identify
population structure, to allow the identification of gene flow and selection, while the
confounding effect of phenotypic plasticity can be controlled using common garden
experiments (de Villemereuil et al., 2016; Sork et al., 2013). Moreover, a comprehensive
understanding of genetic variation and adaptive response to a changing climate can be
increased when the integration of molecular and quantitative approaches includes
environmental data that expose associations between the environment and the observed
genetic variation (De Kort et al., 2014; Lepais & Bacles, 2014). Therefore, genomic
techniques and spatial genetic patterns, paired with common garden experiments that
investigate variation based on quantitative traits, can a be powerful tools to understand
the effects of evolutionary forces and improve species management under a changing
environment (Gugger et al., 2021; Hoffmann et al., 2015; Murray et al., 2019; Sork et al.,
2013).

Phenotypic differentiation: At the quantitative trait level, population differentiation can
be detected in common garden experiments where differences could be due to either
restricted gene flow, hybridization, and/or natural selection (Kirk & Freeland, 2011).
Reciprocal transplant experiments are the most powerful technique for identifying
instances of local adaptation to the environment and the traits that contribute to that

adaptation. However, phenotypic variation that parallels climate gradients also bolsters



inferences about adaptation (Lascoux et al., 2016; Savolainen et al., 2013). In natural
populations, environmental heterogeneity can lead to divergent selection that favors the

emergence of specialized organisms and local adaptation (Papaix et al., 2013).

Raising multiple populations in a common environment and measuring quantitative traits
is a valuable approach to detangle the pervasive effects of evolutionary and
environmental phenomena. If populations are significantly different when environmental
effects are equalized, the phenotypic differences are inferred to be genetically based (de
Villemereuil et al., 2016).- This classic experimental design has been used to discover
population differentiation in a broad range of organisms from plants (Browne et al., 2019;
Colautti et al., 2010; Etterson et al., 2016) to vertebrates (Bassar et al., 2010; Conover &
Baumann, 2009; Harvey et al., 2016; Sorci et al., 1996; While et al., 2015). These studies
have identified phenotypic differences that reflect locally adapted populations, or
populations with the potential for local adaptation (Ramirez-Valiente et al., 2018, 2019;
Sork et al., 1993). However, even when plants are grown in a controlled environment,
transgenerational plasticity, where the offspring’s phenotypic response is based on the
parental growth environment, can complicate the powerful common garden experimental
approach (Donelson et al., 2018). Although transgenerational plasticity can be adaptive
(Galloway & Etterson, 2007), it is typically considered to be “noise” in genetic
experiments that can give a false impression of genetic differences among populations
when none exist (Donelson et al., 2018). Transgenerational plasticity can be accounted
for through a refresher generation or a multiple year growing experiment. When neither
of these approaches is possible, traits that are sensitive to the maternal environment, such
as seed size, can be used as a covariate to control for environmental carryover effects (de
Villemereuil et al., 2016; Yang et al., 2015).

Molecular differentiation: At the molecular level, allele frequencies differ across
geographical space because of variation in gene flow patterns and selective pressures
(Murray et al., 2019). Restricted gene flow and genetic drift between populations can lead
to differentiation and the formation of genetic clusters (Greenbaum et al., 2016).

Moreover, gene flow between species can introduce new variants into populations,



affecting both genetic variation and population structure. Hybridization can impact the
process of adaptation to a local environment and the effectiveness of selection, by
providing sources of new genetic material that can aid with adaptation and species
radiation (Hipp et al., 2020; Mitchell et al., 2019; Moran et al., 2012; Rieseberg and
Willis, 2007). Simultaneously, natural selection can lead to genomic regions or individual
loci exhibiting reduced levels of diversity, an altered allele frequency spectrum, or
significant associations with environmental factors (Excoffier et al., 2009; Frichot et al.,
2013; Gugger et al., 2021; Savolainen et al., 2013).

The power to detect population differences and genomic regions under selection has
exploded in recent decades, even for non-model systems. High-throughput next
generation sequencing technologies such as RAD-seq (restriction associated DNA
sequencing) allow for genotyping and identification of SNPs for any species and do not
require prior genomic information for the populations that are being studied (Andrews et
al., 2016; Cariou et al., 2013). RAD loci can occur in both coding or non-coding regions
of the genome, and loci are often conserved between organisms of closely related species
(Andrews et al., 2016). The generation of RAD loci allows for the calculation of genomic
diversity indexes, the detection of hybridization or introgression between species, and the

identification of the signature of selection (Savolainen et al., 2013).

The combination of molecular and phenotypic data: In natural populations, variation in
quantitative traits across an environmental gradient are often associated with ecological
factors that reflect selective pressures on individual phenotypes (Anderson et al., 2014),
and molecular markers can be used to pinpoint loci across the genome that underlie these
adaptive changes. For example, forest tree species with large population sizes frequently
occupy highly heterogeneous environments, resulting in high genetic variation given the
large range of pollen dispersal that can spread adaptive traits across the occupied
landscape. Despite this, strong population differentiation for key adaptive traits is
frequently documented, and selection for local phenotypes appears to be strong (Ramirez-
Valiente et al., 2018 and 2019; Sork et al., 2016; Sork et al., 2013). However, caution
must be used when interpreting some measures of selection, because strong neutral

molecular population genetic structure that has arisen through neutral processes, like



genetic drift, interspecific gene flow, and mutation, can mimic patterns expected under
non-neutral processes that are assessed through either Fst or environmental association
analyses (Excoffier et al., 2009; Rellstab et al., 2016). Therefore, when looking for
molecular signals of local adaptation associated with environmental factors, the effect of
population structure as well as the evaluation of phenotypic variation should be
considered to avoid a high rate of false positives (Rellstab et al., 2015; de Villemereuil et
al., 2016; Frichot et al., 2013).

Differentiation in Quercus:

There is substantial evidence from the literature that species of oak (Quercus L.) can
adapt to different environments and potentially to rapid climate change (Du et al., 2020;
Gugger et al., 2016; Rellstab et al., 2016; Sork, 2016; Sork et al., 1993). Recently,
genomic studies at broad scales (>200 km) have revealed patterns of local adaptation of
European white oaks (Rellstab et al., 2016), North American valley oaks (Gugger et al.,
2021; Sork, Squire, et al., 2016) and evergreen oaks in the Qinghai Tibetan Plateau (Du
et al., 2020). However, patterns of gene flow and selection that can lead to population
structure and adaptation at a very fine spatial scale (<200 km) is relatively unexplored,

even though some oak species occupy steep environmental gradients.

Quercus rubra L. has an expansive range in North America, and one small part of this
range occurs across a sharp environmental gradient along the north shore of Lake
Superior. Lake Superior has a significant effect on climate patterns and allows for an
extended growing season by producing warmer falls and winters, reduced frost in the
spring, and cooler summers by the shore (Moen, 2018). Along the north shore of Lake
Superior, four different hardiness zones (3a—4b) can be found within a small geographical
space (<50 km). Regional microclimates produced along the Lake Superior shoreline
could contribute to the formation of locally adapted populations, given the diversity of
microclimates that occur at different distances from the lake. Similar conditions and
examples have been observed in various habitats close to large bodies of water, where

plant community variation and biodiversity differentiation are found at different distances



from the shore, due to the unique environmental conditions (Chen & Schemske, 2015;
Nevo, 1995; Vanwalleghem & Meentemeyer, 2009; Vallés et al., 2011).

Like many other oak species, Q. rubra is prone to interspecific hybridization (Moran et
al., 2012; Sander, 1990). Northern red oak has been shown to hybridize with at least
seven other species in the subgenus Quercus section Lobatae (Moran et al., 2012; Sander,
1990). One of the species known to hybridize with Q. rubra is the closely related species
Quercus ellipsoidalis E.J. Hill. These two species’ ranges overlap in the Great Lakes
region (including Wisconsin, Michigan, and Minnesota). In regions east of Lake
Superior, like the upper peninsula of Michigan and the Apostle Islands, several studies
using morphometric traits and genetic markers have shown varying rates of hybridization
between the two species (Gailing et al., 2012; Gailing & Zhang, 2018; Jensen et al., 1993;
Lind & Gailing, 2013). These past studies have been limited to a low number of
molecular markers and mostly focused on few candidate genes. However, in the past
decade RAD-seq has revolutionized the study of selection, and interspecific
hybridization, even in the absence of fully assembled genomes (Cavender-Bares et al.,
2015; Cavender-Bares & Bazzaz, 2000; Eaton et al., 2015; Hipp et al., 2020), making
oaks a new model system for understanding interspecific gene flow and adaptation. The
state of Minnesota, located west of Lake Superior, is within the natural distribution of
both Q. rubra and Q. ellipsoidalis, which could lead to interspecific gene flow in areas
where their ranges overlap. However, introgression between these two species in this

region has not yet been studied.

To examine the potential for local adaptation across a steep environmental gradient in
Northern red oak populations west of Lake Superior, we characterized population
structure and genetic divergence among Q. rubra populations located at varying distances
from the lake, across a small geographical scale (160 km). We also identified signatures
of selection based on genetic distance, as well as associations between genomic regions
and environmental factors, using multiple Bayesian, distance-based approaches, and
statistical models. Using this powerful combination of population genomics and

quantitative genetic approaches, we interrogate the following questions:



1. Is there population structure based on both molecular markers and phenotypic
traits? Here, populations would be strongly differentiated because of
reproductive isolation based on divergent life-history traits. These genetic
differences would be the product of natural selection on traits that have led to
local adaptation (Jordan et al., 2005; Rasanen & Hendry, 2008).

2. s there population structure based on phenotypic traits but not on molecular
markers? Here, populations would have high gene flow, usually because of high
dispersal range that is sufficient to overcome genetic drift. However, natural
selection would be stronger than gene flow resulting in adaptation to a local
environment despite the high gene flow (Petit & Hampe, 2006; Zanella et al.,
2011).

3. Is there population structure based on molecular markers but not on phenotypic
traits? Here, populations would have low or no gene flow, but are phenotypically
similar due to convergent phenotypic evolution or divergent evolution with
phenotypic maintenance. These evolutionary processes would lead to what is
known as cryptic population structure, where distinct genetic lineages are
phenotypically identical (Baker et al., 1995; Ribeiro et al., 2011).

In this study, we account for the challenges of transgenerational plasticity, hybridization
between Q. rubra and Q. ellipsoidalis, and population structure. Here, we provide a
comprehensive analysis that elucidates the genetic variation underlying potential local
adaptation within a fine geographical scale with highly heterogeneous environments in

the western edge of the Great Lakes region in the state of Minnesota.



Materials and Methods
Study system
Quercus (Fagaceae) is a widespread genus that has radiated across the northern
hemisphere since its estimated origin 56 million years ago (Ma) (Kremer & Hipp, 2020).
Their range expands from the equator to boreal regions at a latitude of 60°N in Europe
and 4000 m above sea level in China (Kremer & Hipp, 2020). Northern red oak (Quercus
rubra) is a deciduous tree that is native to North America and is widely distributed
through the eastern United States and southeastern Canada (Dey et al., 2007). The species
inhabits a diverse range of hardiness zones (3-8) (USDA, 2019) and grows in acidic,
loamy, moist, clay, and well-drained soils (Tirmenstein, 1991). The hardwood lumber
produced from harvesting the species has high economic value, and the fruit (acorns) is
the main source of food for many birds and mammals (Sander, 1990). Acorn production
is a highly energetically costly process for oak trees—Ilarge acorn crops occur every 3-5

years and a single tree can produce up to 10,000 acorns in a year (Sander, 1990).

Population sampling and plant material

We collected acorns and leaf tissue from three regions that differed with respect to
distance from Lake Superior: “Coastal” (0—16 km), “Inland” (17-80 km), and “Interior”
(81-160 km) (Fig. 1, Supplementary table 1). We used Minnesota Department of Natural
Resources Relevé data (MN-DNR, 2013) to locate 30 populations of Q. rubra. However,
like many oak species, Q. rubra trees produce acorns every three to five years (Sander,
1990); therefore, while leaf tissue collection was possible at all sites, acorn collection was
not.

Greenhouse common garden experiment: We collected acorns from ten populations
(five coastal, four inland, one interior). Within each population, 10-15 trees were
sampled, and 20-30 acorns were collected per tree (Fig. 1a, Supplementary Table 1).
Because of low acorn availability in interior populations, we pooled the inland and
interior populations and focused on identifying differences between “Coastal” (0—16 km)
and “Noncoastal”(17-160 km) regions. To determine viability, we subjected the acorns to
a float test (Gribko & Jones, 1995) and then stratified them for three months in a cold
room at 4°C until planting.



Molecular marker study: We collected leaf tissue from 30 populations: ten each from
coastal, inland, and interior regions. These 30 populations included the ten populations
included in our greenhouse study, although collections were made at different times of
the year and the individuals sampled from each population in these two phases of our
study were not identical. Within each population, we sampled 15-18 individuals. To
broaden the scope of our collection, we collected leaf tissue from 73 seedlings of Q.
rubra that had been grown in the summer 2019 greenhouse common garden experiment.
We obtained Q. rubra populations from the MN-DNR Badoura Nursery, originally
sourced from two sites in southern Minnesota and four sites in northern lowa. We also
collected tissue from three other Quercus species (Quercus imbricaria Michx., Quercus
macrocarpa Michx., Quercus palustris Mlnchh.) from the Minnesota Landscape
Arboretum (Chaska, MN) and from the Morton Arboretum (Lisle, IL). Finally, to detect
any potential hybridization between Q. rubra and Q. ellipsoidalis, we collected two Q.
ellipsoidalis populations from locations near Minnesota (Fig. 1). We stored all the

collected tissue at -80°C until genomic DNA extractions were performed.

Greenhouse common garden experimental design and measurements

During the summer of 2019 (May — August), we conducted a common garden experiment
at the University of Minnesota Duluth greenhouse (46°49°00.7°N 92°05°12.1”W). We
arranged a total 1438 acorns from 102 maternal lines from ten populations in a
randomized block design with four blocks. We distributed collections from populations
and maternal lines as evenly as possible across the blocks. Prior to planting, we recorded
seed mass and whether an acorn had an emergent radicle. We planted the acorns in low
water retention soil (Promix BRK), maintained the seedlings at a temperature between
11°C and 20°C (+ 5°C), with no supplemental light, and watered them every other day
for 12 weeks.

We recorded seedling emergence as a measure of germination every other day until 80%
of the seedlings had emerged and then weekly until the end of the experiment. We

measured stem height, stem diameter, leaf number and survival weekly for the first five



weeks of the experiment and then every other week until the end of the experiment as
seedling growth slowed. To calculate specific leaf area (SLA), we collected the
uppermost fully expanded leaf at week ten from each available seedling. To obtain leaf
area we took a scaled picture of each leaf and analyzed the images with the Easy Leaf
Area (Easlon & Bloom, 2014) software. We then dried the leaves at 60°C for one week,
weighed them, and calculated SLA by dividing leaf area by dry leaf mass (cm?/g). Oak
seedlings had a rapid growth period during the first four weeks of the experiment,
followed by a period of relative stasis; therefore, we estimated the total increase in
growth measured by stem height and diameter during the early season (Weeks 1-4) and
the late season (Weeks 5-11). We calculated growth rate for each growing period by
subtracting the last measurement from the first week measurement and dividing it by the

length of the growing period.

Greenhouse common garden data analysis

We leveraged two approaches to analyze our phenotypic data, using: 1) distance
categories from Lake Superior (coastal and noncoastal regions), and 2) climate data from
the seedlings’ home environments as predictors. Because of insufficient sample size (n =
2) , two coastal populations were removed from all analyses. In our regional analyses, we
used ANCOVA for continuous response variables (seed mass, germination phenology,
growth, and SLA). We used seed mass and the presence of an acorn root as covariates for
the analysis of phenology, growth, and SLA. Block was a random factor, and region and
population nested within region were fixed factors. To achieve normality of the residuals,
we log transformed the SLA data. We used logistic regression for the binomial response
variables (presence of acorn root, germination, and survival). All statistical models were
constructed in JMP Pro 16 software (SAS Institute Inc, 1989-2021) and all graphs were
constructed using the least square means and standard errors in R version 4.1.0 (R Core
Team, 2017).

For climate analyses, we obtained 19 site-specific bioclimatic variables

(http://www.worldclim.org) and determined which variables to include using a

backwards stepwise model reduction approach with AIC, BIC, and factor collinearity as

10
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criteria. The factors that were retained were: (1) mean annual temperature, (2)
temperature seasonality, (3) maximum temperature of the warmest month, (4) minimum
temperature of the coldest month, (5) annual precipitation, and (6) precipitation of the
wettest month. The model structure for the regional and the climate analysis were the
same, aside from the substitution of regional categories for climate data. To determine the
environmental variable that accounted for most variation in the data, we performed a non-
metric multidimensional scaling (NMDS) model with 100 permutations in the ‘vegan’
package in R (Oksanen et al., 2020). After ordination of the phenotypic traits, we used
the envfit function in the ‘vegan’ package to estimate the strength and significance of the

relationships between the environmental vectors and the phenotypic traits.

DNA isolation and genotyping

We used a modified CTAB extraction (Sork Lab: Protocols, 2018) to isolate genomic
DNA for all the populations using 0.1 g of frozen tissue per sample. The modified CTAB
extraction requires a prewash step to break down sugars and secondary metabolites that
are found in high quantities in the Quercus species (Sork Lab: Protocols, 2018). We
quantified the extracted DNA using a Qubit 3.0 fluorometer and excluded any samples
with DNA concentrations lower than ~10 ng/ul. Genotyping was performed by restriction
associated DNA sequencing (RAD-seq) and completed at the University of Minnesota
Genomic Center (UMGC). Genomic DNA of 526 Q. rubra, 45 Q. ellipsoidalis and 18
other Quercus species samples were used for library preparation and Illumina
sequencing. RAD libraries were prepared using BamHI + Nsil restriction enzymes. All
generated libraries were combined into a single pool and sequenced on a NextSeq High-
output 1x150-bp flow cell. After sequencing, samples were demultiplexed and adaptors

were removed using standard UMGC data processing pipelines.

SNP identification and validation

We performed variant calling on the demultiplexed trimmed reads using the standard
ipyRAD pipeline (Eaton & Overcast, 2020). To construct the assembly, we used the
Quercus lobata Neé reference genome (Sork, Fitz-Gibbon, et al., 2016) with a clustering

threshold of 0.85 and a minimum of eight samples per locus; all other parameters
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followed the standard workflow as suggested in Eaton and Overcast (2020). We
constructed the ipyRAD assembly for the following combinations of samples: (1) field
collected Q. rubra (coastal, inland, and interior regions), (2) field collected Q. rubra and
Q. ellipsoidalis, and (3) field collected Q. rubra, greenhouse Q. rubra seedlings, nursery

Q. rubra, and field collected Q. ellipsoidalis.

We performed further SNP filtering using VCFtools (Danecek et al., 2011). To remove
low-confidence genotypes, we removed sites with a Phred quality score of <20 (--minQ),
a sequencing depth of <5 reads per genotype (--minDP), a minimum mean depth of five
reads per site (--min-meanDP), and a minor allele frequency (MAF) of <0.03 (--maf). An
MAF of <0.03 allows a variant to be called when it is present as a heterozygote in an
average of 12 samples, which is equivalent to most of the population sizes in the final
dataset; this was designed to capture variants that were potentially unique to single
populations. To reduce the rate of missing data, we retained individuals with <20%
missing data (--missing-indv) and retained sites with >80% of data present (--max-
missing). Finally, we removed indels and retained only SNPs (--remove-indels). We
performed filtering on the three previously described datasets, and the number of retained
SNPs ranged between 8,210 and 6,906 (Supplementary Table 2). We used PGDspider
(Lischer & Excoffier, 2012) and plink v.1.9 (Purcell et al., 2007) to convert VCF files to

the required formats for subsequent analyses.

Molecular population structure and interspecific gene flow

We calculated allele frequencies for each population in VCFtools (Danecek et al., 2011).
To characterize genetic differentiation among populations, we calculated pairwise genetic
differentiation (Fst) within and among populations in ARLEQUIN v3.5.2.1 (Excoffier &
Lischer, 2010). We used STRUCTURE v2.3.4 (Pritchard et al., 2000) to infer
subdivisions within and admixture among samples. We performed STRUCTURE
analyses using the three previously described datasets with ten iterations of each level K
(2-6) and a burn-in period of 10,000 followed by 20,000 MCMC reps. To visualize
likelihood values and determine the number of clusters that best fit the data, we
implemented the delta K method (Evanno et al., 2005) in STRUCTURE HARVESTER

12



(Earl & vonHoldt, 2012). We used Pophelper (Francis, 2017) to graphically visualize
population clustering. To quantify admixture between Q. rubra and Q. ellipsoidalis, we
investigated patterns of population structure using the field collected Q. rubra and Q.
ellipsoidalis samples at K = 2. We summarized the independent STRUCTURE runs using
CLUMMP (Jakobsson & Rosenberg, 2007) and calculated the average Q-values for each
population and region. To assess significance of the Q. ellipsoidalis admixture
proportions within each Q. rubra region, we performed ANOVA on the K = 2 Q-values
using region and population nested within regions as predictors using the JMP Pro 16
software (SAS Institute Inc, 1989-2021). We also analyzed genetic groupings using
Identity-By-Descent measures and constructed principal component analyses (PCA) with
the R package ‘SNPrelate’ (Zheng et al., 2012).

Genomic signatures of selection

To assess signatures of selection, we constructed a dataset of unlinked SNPs. We selected
one SNP from each RAD locus using the ‘--thin’ option with a distance threshold of 280
bp in VCFtools (Danecek et al., 2011). This process retained a total of 2,560 sites with
one SNP for each locus and reduced the physical linkage between SNPS that could
potentially bias the selection results. Because linked SNPs could still be present in the
dataset, we calculated pairwise linkage disequilibrium of the 2,560 SNPs using plink v1.9
(Purcell et al., 2007) implementing windows of 50 markers and ten marker sliding

windows. We then removed loci with an r2above 0.05 resulting in 2,162 retained SNPs.

Distance based outlier analysis: We identified outlier loci by implementing a per-locus
pairwise Fst approach, using two methods. The first method was FDIST, as implemented
in ARLEQUIN v3.5.2.1 (Excoffier & Lischer, 2010), allowing a maximum of 20%
missing data and conducting 10,000 simulations with standard parameters. Loci identified
in FDIST were considered significant outliers using a 0.05 false discovery rate (FDR)
correction with the R package ‘qqman’ (Turner, n.d.). The second method was BayeScan
2.1 (Foll & Gaggiotti, 2008) with a burn-in of 50,000, a thinning interval of 10, a sample
size of 5,000, and 20 pilot runs with 5,000 iterations each for a total of 100,000 iterations.

We identified outliers from BayeScan using the R script provided by the program authors

13



and a 0.05 FDR correction threshold (Benjamini & Hochberg, 1995). We searched for
functional annotation of outlier loci that showed potential signs of selection using the
NCBI BLAST tool and genome viewer using the Q. lobata genome as a reference.
Lastly, we calculated allele frequencies for all outlier loci in each region using VCFtools
(Danecek et al., 2011).

Environmental Association Analysis: To identify loci associated with environmental
variables in the three Q. rubra regions, we performed an environmental association
analysis (EAA). We obtained climate data for each population from the 19 bioclimatic
variables in the Worldclim dataset (http://www.worldclim.org). We ensured that the six
variables used in the original greenhouse analysis were still significant for our EAA, by
including them in the calculation for the correlation matrix and variance inflation factor
(VIF) analysis. We removed variables with an R? > 0.7 and a VIF > 10. Of the original
six environmental variables, temperature seasonality was the only factor that was not
retained due to high collinearity. The bioclimatic variables retained for the EAA analysis
were: (1) mean annual temperature, (2) mean diurnal range, (3) isothermality, (4)
maximum temperature of the warmest month, (5) minimum temperature of the coldest
month, (6) annual precipitation, (7) precipitation of the wettest month, and (8)

precipitation seasonality.

We performed the EAA using Bayenv2 (Gunther & Coop, 2013) and a Latent Factor
Mixed Model (LFMM) analysis as implemented in the R package ‘LEA’ (Frichot &
Frangois, 2015). Bayenv2 uses a Bayesian approach to identify correlations between loci
and environmental variables by comparing the fit of a null model that includes only
neutral genetic structure to the fit of a model that includes each environmental factor
(Gunther & Coop, 2013). We generated SNP covariance matrices with 10,000 iterations
using the 2,162 unlinked SNPs. We then averaged the output of ten covariance matrices
to control for matrix variation. Bayes factor (BF), absolute Spearman’s rank (p), and
Pearson correlation coefficient (r) for each locus of four independent Bayenv2 runs were

calculated. To identify significant putative adaptive loci driven by environmental
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variables, we retained SNPs that fell in the top 1% of the BF, p and r across all four

independent Bayenv? iterations.

The LFMM approach (Frichot et al., 2013) identifies loci associated with environmental
factors while including the effect of population structure as a random factor (latent
factor). For this approach, the user needs to determine the number (K) of latent factors by
performing multiple runs with different levels K or extrapolating the best value of K
obtained via STRUCTURE (Pritchard et al., 2000) analyses. We performed five
independent runs for K = 2, 4, 6, 8, 10 for each of the eight previously selected
environmental factors with a burn-in period of 5,000 and a total of 10,000 MCMC. The
association results for each value of K were very similar; thus, we chose K = 2 to avoid
overparameterizing the model. We averaged the z-scores for each independent run and
calculated an adjusted p-value for the correlations between each locus and environmental
variable. To reduce the number of false positives, a 0.05 FDR correction with the R

package ‘qqman’ (Turner, n.d.) was performed.
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Results

Population differentiation with respect to distance from Lake Superior

Seed mass did not differ significantly between regions; however, a difference between
populations within regions was statistically significant (Table 1). More specifically,
coastal populations showed higher average seed mass variation, ranging between 3.41 g
and 5.01 g, whereas noncoastal populations had less variation, ranging between 4.08 g
and 4.51 g. The presence or absence of an emergent radicle was significantly different
between regions and populations within regions (Fig. 2a, Table 1). Coastal populations
had high variation in emergent radicle presence ranging between 47% and 91%.
Similarly, noncoastal populations had high variation in emergent radicle presence ranging
between 25% and 72%. Higher seed mass was associated with higher rates of emergent

radicle presence.

Germination percentage and germination phenology did not differ significantly between
regions. However, populations within each region showed significant differences for both
traits (Table 2). Coastal populations had lower germination percentage variation ranging
between 66% and 79%, whereas noncoastal populations had higher variation ranging
between 55% and 89%. Regarding germination phenology, coastal populations
germinated within four days of each other, while noncoastal populations germinated
within one day of each other. Germination rates were positively associated with presence
of emergent radicles and seed mass. In contrast, germination phenology was positively
associated with presence of emergent radicles but negatively associated with seed mass.
Oak seedlings had a rapid growth period during the first four weeks of the experiment,
followed by a period of relative stasis. Stem height analysis at week four showed
significant differences between coastal and noncoastal regions (Fig. 2b, Table 1). Stem
height also showed significant variation between populations within each region. Coastal
populations had a 7% difference in stem height. Meanwhile, noncoastal populations had a

17% difference. Higher stem height was positively associated with higher seed mass.
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Stem diameter analysis at week four showed no significant differences between coastal
and noncoastal regions, however, populations within each region were significantly
different (Table 1). Stem diameter for coastal populations ranged between 1.8 cm and
2.18 cm. Lower significant variation in stem diameter for noncoastal populations was
identified, with stems ranging between 1.99 cm and 2.20 cm in diameter. Higher stem

diameter was positively associated with the presence of radicles and higher seed mass.

The number of leaves at week four was non-significant between regions, but variation
between populations within each region was significant (Table 1). Significant variation
between populations within region was driven by coastal populations, and no significant
differences between noncoastal populations was observed. The number of leaves between
coastal populations showed a 21.5% difference. Higher leaf number was positively
associated with seed mass and negatively associated with the presence of radicles.
Specific leaf area (SLA) was non-significant between regions, but significant between
populations within each region (Table 1). Specific leaf area for coastal populations
showed a 2.7% difference and for noncoastal populations the analysis showed a 3.0%
difference. Higher SLA was associated with lower seed mass and with a higher rate of

radicle presence.

The change in stem height during the period of rapid growth, quantified as early height
growth rate, showed significant differences between regions and between populations
within each region (Fig. 2c, Table 1). Coastal populations’ early height growth rate
ranged from 1.47 cm/week to 1.99 cm/week; meanwhile, noncoastal populations’ early
growth in height ranged from 1.78 cm/week to 2.32 cm/week. Early height growth rate
was positively associated with presence of radicles. In contrast, the change in stem height
during the period of slow growth, quantified as late height growth rate was nonsignificant
between regions and between populations within regions (Table 1). Late height growth
rate was positively associated with the presence of radicles. The change in stem diameter
during each period of rapid and slow growth, quantified as early and late stem diameter
growth rate, did not show significant differences between regions or between populations

within each region (Table 1). Both traits were positively associated with seed mass.
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Therefore, variation in plant growth was mostly explained by changes in stem height

during the first four weeks of growth.

Lastly, the percentage of seedlings that survived to the end of the common garden
experiment was also significantly different between regions (Fig. 2d, Table 1). Survival
was significant between populations within each region. Coastal populations had a 28%
difference in survival. Whereas noncoastal populations showed higher variation in
survival with a 37% difference. Consistent with earlier trends, higher survival rates were

associated with higher rates of radicle formation.

Population differentiation with respect to climate variables

The analysis of phenotypic traits using population-specific environmental factors as
predictors and the nonmetric multidimensional scaling analysis (NMDS) showed
significant differences influenced by the environment. For each phenotypic trait there was
at least one environmental variable that explained a significant amount of variation.
Acorns that had an emergent radicle before planting germinated an average of seven days
earlier than acorns with no radicles. Seedlings that had an emergent radicle had 14.8%
slower stem height growth during the early growth period and 1% lower SLA than
seedlings with no emergent radicle (Table 2). Acorns that did not have an emergent
radicle before planting, comparatively, had 7% lower seed mass, were 50% less likely to
germinate, showed a 7.5% reduced stem diameter, and were 50.5% less likely to survive
the season (Table 2).

Higher seed mass had positive and significant associations with the presence of radicles,
percent germination, stem height, stem diameter, leaf number, late stem height growth
rate, and early stem diameter growth rate (Table 2). In contrast, acorns with higher mass
were negatively associated with germination phenology, SLA, and late stem diameter
growth rate. Seed mass was the factor sharing the most associations with the phenotypic
traits measured; only two traits (early stem height growth rate and survival) did not show
significant associations. However, early stem height growth rate was marginally
significant (p-value = 0.08). Planting block as a random factor was significantly different

and showed positive associations for all traits except for SLA (Table 2).
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Higher mean annual temperature was associated with higher percent germination,
seedlings with larger stem height and diameter, a higher stem height growth during the
rapid growing period in the early growing season, and higher survival rates (Table 2).
However, seedlings from populations with higher mean annual temperature had lower
seed mass, reduced presence of radicles before planting, and fewer leaves with lower
SLA (Table 2). Temperature seasonality was positively associated with higher
germination and survival rates. Populations with higher temperature seasonality showed
lower rates of emergent radicle and leaves with lower SLA. No other phenotypic traits

were significantly associated with temperature seasonality.

Higher maximum temperature of the warmest month was associated with acorns that had
high seed mass and high percentages of radicle presence. Moreover, higher maximum
temperature of the warmest month was associated with seedlings that had a higher leaf
count and leaves with higher SLA (Table 2). Maximum temperature of the warmest
month also showed negative associations with germination rates, stem height, stem
diameter, slower growth during the early growth period, and survival rates (Table 2).
Lower minimum temperature of the coldest month was associated with acorns that had
higher seed mass, seedlings with more leaves and leaves with higher SLA. Lower
minimum temperatures of the coldest month were associated with low germination rates,
seedlings with low stem height and diameter, and low survival rates. Lower minimum
temperatures of the coldest month were also associated with slower height growth rates
during the rapid growth period and slower stem diameter growth rate during the slow

growth period (Table 2).

Increased annual precipitation showed associations with acorns that had higher mass and
seedlings with fewer leaves. In contrast, increased annual precipitation showed
associations with lower rates of acorns with radicle presence (Table 2). No other
phenotypic traits were significantly associated with annual precipitation. Lastly,
increased precipitation during the wettest month was associated with higher germination
rates and survival rates. Increased precipitation of the wettest month was associated with

lower seed mass acorns and seedlings with fewer leaves (Table 2).
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Non-metric multidimensional scaling (NMDS) analysis showed correlations between
environmental factors and Q. rubra seedling phenotypic traits (Fig. 3). Correlation scores
showed that mean annual temperatures (r? = 0.12) and maximum temperatures of the
warmest month (r?= 0.1) had the greatest influence on Q. rubra seedlings’ phenotypic
variation. The remaining four environmental factors had weaker associations (ranging
from r? = 0.089-0.097); however, all the environmental variables were statistically
significant and positively associated with germination dates, stem height and diameter at
week 4, leaf number and leaf SLA growth rates in early and late seasons, and survival

rates.

Molecular population structure and interspecific gene flow

After filtering, we retained 434 individuals and 2,495 loci and identified a total of 7,683
SNPs for our dataset that included all field-collected, greenhouse, and nursery Q. rubra
samples and field-collected Q. ellipsoidalis. Interspecific Fstwas 0.15 and pairwise Fst
among all Q. rubra and Q. ellipsoidalis populations ranged between 0.01 and 0.25.
Lower pairwise Fst values were between Q. rubra populations and higher values between
Q. rubra and Q. ellipsoidalis populations. However, four populations (SP, BL, 11, GW)
that had been identified as Q. rubra in the field showed elevated pairwise Fst values
ranging between 0.08 and 0.25 with other Q. rubra populations. They also showed low
interspecific pairwise Fst values ranging between 0.009 and 0.04 with Q. ellipsoidalis
populations (Fig 4a). Principal component analysis also showed that the four Q. rubra
populations with high Fst levels clustered more closely with Q. ellipsoidalis populations
than with other Q. rubra populations (Supplementary Figure 1). The four high Fst
populations (SP, BL, 11, GW) were therefore considered as misidentified and were
removed from subsequent analyses. After removing the four misidentified high Fst
populations, the global Fst for Q. rubra was 0.03 and the pairwise Fst for the remaining
Q. rubra populations ranged between 0.0052 and 0.066.

Admixture between Q. rubra and Q. ellipsoidalis individuals and populations were
calculated based on STRUCTURE assignments at level of K = 2. The average proportion
of admixture from Q. ellipsoidalis into Q. rubra populations ranged between 4.8% and

10.6% (Fig. 4b). Higher rates of admixture were detected as distance from Lake Superior
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increased, and Q. ellipsoidalis populations showed no evidence of Q. rubra identity
proportions, indicating unidirectional gene flow from Q. ellipsoidalis intro Q. rubra.
Admixture proportions were significantly different between coastal and noncoastal
regions (F = 20.7, P <0.0001) and between populations within regions (F = 3.3, P
<0.0001) (Fig. 4c). Five Q. rubra individuals (two inland and three interior) showed a Q.
ellipsoidalis admixture proportion above 45%. When the analysis was performed without
these five individuals, patterns of admixture proportion were consistent and retained
significance (F = 45.5, P <0.0001 and F = 4.65, P <0.0001).

Population structure analysis was performed using only coastal, inland, and interior Q.
rubra populations and excluding misidentified populations. The optimum value of K for
the STRUCTURE analysis was K = 3, but there was no evidence of differentiation
between regions (Supplementary Figure 2). Similarly, a STRUCTURE analysis
performed with K = 2 showed no evidence of population differentiation based on region
(Supplementary Figure 2). The PCA explained a small amount of the variance between
regions (1.8% across the first two PCAs) and clustered all regions into one group, though
some samples from inland and interior regions diverged from the main cluster along PC1
and PC2 (Fig. 4d). Nonetheless, there was no evidence of strong differentiation between

Q. rubra regions or populations, which is consistent with the low pairwise Fst values.

Genomic signatures of selection

We identified 2,245 sites with one SNP per locus in linkage equilibrium across 413 field
collected Q. rubra individuals. We identified a low level of linkage between loci; of the
initial 2,599 loci, only 13.6% exhibited high levels of linkage (r>> 0.5) and were

removed.

Distance-based outlier analysis

Outlier analysis using BayeScan and FDIST identified ten and seven loci, respectively,
with elevated levels of divergence at a 5% significance level (Fig. 5). Five of these outlier
loci overlapped between analyses and exhibited Fst levels ranging between 0.143 and

0.667. Two of the five outliers were in Chromosome 1 (position 29790677 and
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29936530), one in Chromosome 4 (position 38317234), one in Chromosome 5 (position
53461008), and one in Chromosome 9 (position 45446014) (all positions are based on the
Q. lobata reference genome). We calculated allele frequencies for the five outlier loci in
each Q. rubra region and identified patterns consistent with strong directional selection in
Chromosome 1 (Supplementary Table 4). Locus 29790677 in Chromosome 1 was fixed
for a single allele in the interior region but polymorphic for the coastal and inland
regions. Locus 29936530, also located in Chromosome 1, was fixed for a single allele in
the coastal region but polymorphic for the inland and interior region. In contrast, all other

loci under selection were polymorphic within each region (Supplementary Table 4).

Environmental Association Analysis (EAA)

Using Bayenv2, we detected six loci with a significant association to one or more
environmental variables when the four independent runs were combined (Table 3). No
loci were associated with the minimum temperature of the coldest month or annual
precipitation. We identified one site in Chromosome 1 (29936530) that was associated
with the precipitation of the wettest month. This locus was also significant in both outlier
analysis and had the highest Fst level (0.66) in that analysis. Two loci in Chromosome 10
(14049740 and 37795457) were associated with mean annual temperature. One locus in
Chromosome 8 (24442158) was associated with isothermality. Two loci in Chromosome
2 (62044137 and 63576952) were associated with precipitation seasonality and mean
diurnal range, respectively. Of the six associated loci, only site 37795457 located in
Chromosome 10 exhibited association with more than one variable (mean annual

temperature and maximum temperature of the warmest month).

The LFMM analysis revealed a total of 521 unique loci associated with eight
environmental variables at 5% significance (Fig. 6). While this number is significantly
higher than the number of loci found using the other programs, this result is not
surprising as LFMM accounts for any signs of population structure and similar studies
have found elevate numbers of LFMM-associated loci (Abebe et al., 2015; Gugger et al.,
2021; Rellstab et al., 2017). Of the 521 loci identified by the LFMM analysis, two loci
were also identified by Bayenv2 and eight were identified by BayeScan and FDIST (Fig.
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6). Temperature-related factors had an overall lower number of associated loci, but higher
numbers of overlapping loci between variables, when compared to precipitation factors.
Precipitation seasonality was associated with the highest number of loci (231), while
isothermality had the lowest number of associated loci (106) (Table 3). Locus 29936530,
located in Chromosome 1, which had been identified as an outlier, was also found to be
associated with the precipitation of the wettest month, consistent with the association

between this locus and the variable obtained by the Bayenv2 program.

23



Discussion

The potential for local adaptation in long-lived oak species is supported by mounting
evidence within the literature that combines molecular genetics and phenotypic data
(Sork et al., 1993; Ramirez-Valiente et al., 2018 and 2019; Sork, 2016; Gugger et al.,
2016; Rellstab et al., 2016). For example, a study on Quercus oleoides Schitdl. & Cham.
found no molecular population structure and low Fst values, but significant phenotypic
differentiation in functional traits related to drought tolerance and environmental
variability (Ramirez-Valiente et al., 2018, 2019). Other studies performed on Q. lobata
have found high Fst values at some candidate loci related to flowering and temperature
stress genes, indicating loci under potential diversifying selection between populations,
and Q. lobata’s ability to respond to changing climate conditions (Sork et al.,

2016). Here, we combined molecular and phenotypic data to investigate patterns of gene
flow and natural selection on coastal and noncoastal Q. rubra populations at a fine spatial
scale (0-160 km). We framed our study to identify patterns of gene flow and natural
selection on the genomic and quantitative level, while accounting for transgenerational
plasticity, hybridization, and population structure. Our study provides phenotypic
evidence of genetic differences and integrates a molecular approach to dissect the
genomic underpinnings of the observed variation of Q. rubra populations west of the
Great Lakes. Although our study was performed across a small spatial scale, our results
are consistent with low population differentiation, but strong evidence of selection

correlated with the environment.

Do populations show genetic differentiation based on phenotypic traits?

Within the common garden greenhouse experiment, coastal seedlings had higher radicle
presence before planting, slower stem growth during the early season resulting in shorter
stems at week four, and lower survival rates (Table 1, Fig. 2). We also identified high
variation between populations within each region, showing that each population had a
unique response to germination and growth under controlled environmental conditions.
Maintenance of genetic variation among individuals and populations is crucial for

adaptive evolution to occur (Anderson et al., 2012). Due to the high population variation
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within the region, we showed that some of the detected phenotypic differences in Q.
rubra seedlings are not driven by regional trends, but rather by site-specific

environmental factors.

Environmental heterogeneity drives local adaptation (Papaix et al., 2013); but adaptive
evolution has been measured as being slower than the rate at which the climate is
changing (Shaw & Etterson, 2012). Thus, evolution in some organisms is unable to keep
up with quickly changing climatic conditions (Shaw & Etterson, 2012), resulting in
strong directional selection that favors extreme genotypes (Anderson et al, 2012). To
delve more deeply into the potential factors that explain observed patterns of genetic
variation, we conducted analyses in which we used regions as a proxy for climate. When
investigating the effects of temperature and precipitation on seedling germination,
growth, and survival, we identified that all the measured traits, except germination
phenology and stem diameter at week four, were influenced by at least one environmental
variable. Germination phenology and stem diameter at week four were only influenced

by presence of an emergent radicle and seed mass (Table 2).

No environmental variable had consistent positive or negative effects for all phenotypic
traits. No phenotypic trait had an association in the same direction across all
environmental variables. Although we did not observe strong correlations (r>>0.5) for
any trait, mean annual temperature and maximum temperature of the warmest month
appear to be the variables with the strongest correlations with phenotypic variation (Fig.
3). Studies of Q. lobata have shown an adaptation lag to temperature (Browne et al.,
2019). For example, acorns planted in climates warmer than where they originated had a
5.6% slower growth over a 3-year period (Browne et al., 2019). Our analyses cannot
distinguish whether there is an adaptation lag or not. Yet, we demonstrated that high
mean annual temperature is associated with seedlings producing fewer leaves with low
SLA, and high maximum temperature of the warmest month is associated with seedlings
producing short, narrow stems with slower growth during the early season (Table 2).
More experiments are necessary to determine the direction and effects of natural selection

on these traits; however, we can infer that local adaptation driven by natural selection
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might act differently on each population, given the unique environmental conditions

exhibited by the coast of Lake Superior.

The moderating effect of Lake Superior produces warmer spring temperatures by the
shore (March—May) and cooler temperatures in inland areas (Moen, 2018). We observed
high germination success under controlled environmental conditions, with over 70%
germination success for both coastal and noncoastal regions. Even though seedling
germination, as measured by emergence, was non-significant, coastal acorns had a higher
percent of radicle presence (Fig. 2a). The presence of an emergent radicle is evidence for
early germination, given its positive association with germination phenology in the region
and environment-based analyses (Table 2). Our analysis showed that seedlings with an
emergent radicle germinated 7 days earlier than those without. Early germination,
quantified as the presence of an emergent radicle, might give Q. rubra coastal seedlings a
germination advantage in coastal environments where spring temperatures are mild, and
risk of freezing is low. Phenology of life history events is a key component of climate
adaptation. Although radicle emergence has been studied as a measure of germination
success (Romero-Rodriguez et al., 2018; Wardle et al., 1991), to our knowledge, no
evidence has previously shown how the presence of an emergent radicle before planting
affects juvenile growth. However, this does not reflect an accelerated growth in the
coastal region under greenhouse conditions; instead coastal seedlings growth is slower

when compared to noncoastal seedlings.

We showed numerous genetic differences between coastal and inland regions, and
associations between seedling growth and home environment (Tables 1, 2). However,
there is a possible influence from the maternal growing environment that might persist,
even when the seed is grown in different conditions (Wulff et al., 1994). This
transgenerational plasticity can affect the expressed phenotype of an individual grown in
a common garden (Galloway & Etterson, 2007) and can last up to the late seedling stage,
which in Q. rubra individuals can take up to five years. This same slow growth makes
performing a refresher generation as a control for transgenerational plasticity practically

impossible. Instead, to control for seed provisioning from the maternal environment, we
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used seed mass as a covariate in our analyses. As a covariate, seed mass was a factor that
significantly influenced germination and all the measured growth traits (Table 2).
However, we note that seed mass did not influence the survival rates of seedlings,
showing that Q. rubra seedlings from coastal populations were not poorly provisioned,

despite their slower growth.

Do populations show genetic differentiation based on molecular markers?

We did not detect strong genetic differentiation among Q. rubra populations based on Fst
values or clustering analyses (Fig. 4a,d). The low levels of population differentiation are
consistent with high rates of gene flow, likely due to the long generation time and the
extended pollen dispersal range (recorded up to 100 km) that characterize oaks (Schueler
& Schliinzen, 2006). Both factors would ensure the dispersal and maintenance of allelic
diversity across populations. Indeed, our global Fstvalue (Fst = 0.03) is similar to those
found in Quercus and other tree species such as Q. oleoides (Fst = 0.09) (Ramirez-
Valiente et al., 2018), Quercus robur L. (Fst = 0.07) (Vakkari et al., 2006), Eucalyptus
albens Benth. (Fst = 0.018) (Murray et al., 2019), and Pinus taeda L. (Fst = 0.04)
(Bassar et al., 2010).

In contrast to the low Fst levels calculated between Q. rubra populations, we identified
four populations that had higher genomic identity with Q. ellipsoidalis than with Q.
rubra. Although our primary interest was to characterize population structure within
Northern red oak west of Lake Superior, we also included two Northern pin oak (Q.
ellipsoidalis) populations as reference samples to confirm species identity. This was
necessary, given the morphological similarity of Q. rubra and Q. ellipsoidalis leaves in
the wild, the overlapping range between the two species, and evidence of Q. rubra
hybridizing with Q. ellipsoidalis in contact zones in eastern areas of the Great Lakes
region (Lind & Gailing, 2013; Jensen et al., 1993; Gailing et al., 2018). The inclusion of
these reference populations allowed us to identify four putative Q. rubra populations in
our original collections (SP, BL, GW, II) with high Q. ellipsoidalis genetic identity (Fig.
4a). We note that our collections were based on the occurrence of Q. rubra in MN-DNR

surveys, and the survey data did not indicate the presence of Q. ellipsoidalis in any of the
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four misidentified populations. For the SP and Il populations, there was evidence of bur
oak (Q. macrocarpa) presence, but the vast morphological differences between Q. rubra
and Q. macrocarpa eliminate the possibility that we collected Q. macrocarpa individuals.
One possible explanation for the collection of Q. ellipsoidalis at these sites is that trees
were misidentified in the original surveys, but another is that our samples were from a
stand of Q. ellipsoidalis very close to, but not included in, the original survey site. The
latter possibility suggests that the two species might occur in close proximity, making

these locations in Minnesota potential oak hybrid zones.

Because of the occurrence of interspecific gene flow between Q. rubra and Q.
ellipsoidalis in other regions (Lind & Gailing, 2013; Jensen et al., 1993; Gailing et al.,
2018), the identification of the four misidentified populations, and the possibility of
hybrid zones, we used admixture proportions from STRUCTURE to evaluate the extent
of gene flow between these two species. The STRUCTURE analysis was consistent with
unidirectional gene flow from Q. ellipsoidalis into Q. rubra, but no Q. rubra identity was
found in the Q. ellipsoidalis populations (Fig. 4b). We identified an increasing Q.
ellipsoidalis proportion in the Q. rubra populations with greater distance from the shore
of Lake Superior, which corresponds with a growing overlap between the species (Fig.
4c¢). Interior populations had the highest average Q. ellipsoidalis proportion (10%), and
three interior individuals had an admixture proportion above 45%, indicating the presence
of early generation hybrids. The inland populations had slightly lower admixture
proportions (9.3%) than interior populations, and two inland individuals had more that
45% admixture with Q. ellipsoidalis. However, coastal populations had no individuals
with admixture proportions above 45% and the lowest Q. ellipsoidalis percent identity
(4.8%). Although gene flow between these two species is not unexpected, this is the first
time that introgression from Q. ellipsoidalis into Q. rubra has been documented west of
the Great Lakes. Other studies have demonstrated the adaptive potential of introgression
from Q. rubra into Q. ellipsoidalis in parapatric populations, despite symmetric gene
flow between the two species, using a CONSTANS-like gene (Khodwekar & Gailing,
2017; Lind-Riehl & Gailing, 2016). Therefore, investigating the directionality of gene
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flow, and whether introgression is adaptive in populations in regions west of Lake

Superior, is an interesting area for future study.

Evidence for selection despite gene flow

Despite the low population differentiation that is consistent with high rates of gene flow,
we found genomic evidence of natural selection. These findings align with evidence from
the phenotypic analysis, suggesting a scenario of population differentiation due to strong
natural selection acting against the homogenizing effects of gene flow. In this study, we
identified five overlapping loci that showed signatures of selection in the distance-based
outlier approaches (Fig. 5), and two overlapping loci that showed a significant association
with environmental variables in the two EAA approaches. Our results are consistent with
similar studies performed on Quercus species on broader geographical scales (>200 km).
These studies identified the signature of selection for genes related to drought adaptation
and various metabolic processes (Gugger et al., 2021; Lind-Riehl et al., 2014; Pettenkofer
et al., 2020). Previous studies that have used distance-based approaches to identify
signatures of selection in oak species have also found loci under selection, ranging from a
few (Pettenkofer et al., 2020; Lind-Riehl et al., 2014) to >500 loci (Gugger et al., 2021).
Only two studies have used environmental association analysis in Quercus; these studies,
performed in Q. lobata, identified 34 loci using SNPs and 43 sites using single
methylation variants (SMVs). (Gugger et al., 2016 and 2021). Environmental association
analyses using SNP data in other species have found between 54 and 1011 loci associated
with the environment (e.g., Christmas et al., 2016; Pais et al., 2017; Rellstab et al., 2016).
However, all of these studies are conducted on broader geographical scales than our
study, ranging from 200-800 km. In comparison to previous studies, this study leverages
geographical scale (160 km), an expanded sampling of genomic loci for tests of selection,
as well as a diverse suite of association analyses to provide robust evidence of selection

driven by the environment.
The environmental association analyses, based on phenotypic traits and molecular

markers, revealed how a highly heterogenous environment can influence selection.

However, our results show a contrasting pattern of environmental factors associated with
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phenotypic and molecular variation. According to our environmental-based analyses of
phenotypic differentiation, the factors with the highest correlations are mean annual
temperature and maximum temperature of the warmest months. Meanwhile, the LFMM
of environmental association with molecular markers revealed that precipitation of the
wettest month and precipitation seasonality had the highest number of associations. To
our knowledge, the contrast between environmental factors associated with phenotypic
vs. molecular variation presented here have not been demonstrated previously. We
hypothesize that these differences may be due to the different life stages that were
included in each analysis or the greenhouse conditions. In our study, the phenotypic
analyses were performed using juvenile seedlings, while the EAA used data from adult
trees. Juvenile growth correlated to temperature, and this might aid in establishment and
rapid growth within the first few years of seedling development (Hatfield & Prueger,
2015). In contrast, adult growth is correlated with precipitation that can alter soil water
availability, influencing plant survival and reproduction (Larios & Venable, 2018).
Clearly, further analyses that integrate multiple approaches at different developmental
stages are needed to illuminate what factors are most important for growth and survival

across life stages of Q. rubra trees.

Finally, we identified only one locus (Chromosome 1, position 29936530) that
overlapped between the outlier and the EAA analyses. Locus 29936530 was associated
with precipitation of the wettest month and had a significantly higher Fst (Fst = 0.6)
when compared to the global Fstfor Q. rubra populations (Fst = 0.03) (Fig. 6). While
there is not a clear pattern of fixation for most of the other outlier loci, it is important to
note that locus 29936530 was fixed in the coastal population but remained polymorphic
in the inland and interior populations. This pattern is consistent with a scenario of an
adaptive allele being driven to fixation in the coastal populations compared to the inland
and interior populations, although further research is necessary to verify this possibility.
Moreover, this locus was also alone in having a functional annotation based on the Q.
lobata reference genome. This locus is found within the MT-ND1 gene, and it encodes
the NADH-ubiquinone oxidoreductase chain 1 protein (Ostaszewska-Bugajska &

Juszczuk, 2016). This protein catalyzes electron transfer from NADH during cellular
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respiration and uses ubiquinone as an electron acceptor (Ostaszewska-Bugajska &
Juszczuk, 2016). Studies in Arabidopsis thaliana have shown that long-term sulphur
deficiency is associated with changes in oxidative phosphorylation and the alteration of
the NADH-ubiquinone oxidoreductase chain 1 protein (Ostaszewska-Bugajska &
Juszcuk, 2016). There is also evidence that high precipitation can lead to sulphur
deficiency in crops (Kaiser and Vetsch, 2020). However, further studies are necessary to
determine whether sulphur deficiency is related to precipitation for Q. rubra in coastal

environments.

Conclusion

In this study, we evaluated the differentiation of Q. rubra populations across a fine spatial
scale, spanning an environmental gradient west of Lake Superior, using both molecular
markers and quantitative traits. We were also able to identify substantial evidence of
interspecific hybridization between Q. rubra and Q. ellipsoidalis, for the first time in this
region, and we found evidence of strong selection associated with environmental
variables within Q. rubra populations. Our analyses revealed gene flow and selection
patterns consistent with a scenario of population differentiation due to strong natural
selection despite high gene flow. While the populations are connected by high levels of
gene flow, they differ for key traits regarding germination success, growth rates, and
survival. This elucidates how natural selection can outcompete the homogenizing effects
of gene flow and act on key traits, allowing for populations to adapt in their local
environment. We present substantial evidence of environmental-dependent selection
based on quantitative traits, exposing multiple genomic regions that are broadly
associated with temperature and precipitation. We provide evidence of the signatures of
selection and the potential for Q. rubra to adapt to local microclimates, even on a small
spatial scale, which can further aid seed-sourcing guidelines and continued efforts related

to forest conservation and management in the Great Lakes.
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Tables and Figures

Table 1. Analysis of variance test statistics from the region-based model, used to analyze
genetic differences based on quantitative traits of Q. rubra populations from three regions

(coastal, inland, and interior)

Radicle Seed Mass Block Region Popul_atlon
Presence (region)
(df=1) (df = 1430) (df = 3) (df =1) (df = 6)

P- p- p- F/ p- ]
F/2 vawe F/7 vawe F/7 vaie 7 value F/y p-value

Seed Mass  20.56 <0.01 - - - - 187 017 1587 <0.001

Radicle
Presence - - 23.34 <0.001 - - 46.2 <0.001 168.4 <0.001

Percent  »9266 <0.001 12.12 00007 4387 <0001 146 023 8119 <0.001
Germination

Germination
Phenology
Stem Height
(W4)
Stem
Diameter 21.74 <0.001 215.31 <0.001 127.4 <0.001 3.1 0.08 5.08 <0.001
(W4)
Leaf
Number 0.23 0.63 1491 0.001 4.88 0.002 152 0.22 3.62 0.001
(W4)
Specific
Leaf Area 6.58 0.01 4.48 0.03 0.09 076 059 0.44 5.33 <0.001
(SLA) (log)
Early Stem
Height
Growth
Rate
Late Stem
Height
Growth
Rate
Early Stem
Diameter
Growth
Rate
Late Stem
Diameter
Growth
Rate
Season
Survival

113.8 <0.001 6.47 0.01 1952 <0.001 0.09 0.76 2.67 0.01

291 0.09 4822 <0.001 1247 <0.001 17.2 <0.001 549 <0.001

4.86 0.02 2.92 0.08 815 <0.001 7.79 0.005 5.05 <0.001

0.73 0.39 5.16 0.02 26.79 <0.001 0.17 0.67 054 0.77

3.18 0.07 4112 <0.001 9478 <0.001 049 0.48 0.4 0.87

2.92 0.08 598 0.014 4085 <0.001 0.11 0.73 1.12 0.34

221.17 <0.001 141 0.23 4041 <0.001 475 0.08 7322 <0.001




Table 2. Analysis of variance test statistics from the environmental-based model, used to

analyze genetic differences based on quantitative traits of Q. rubra populations using

temperature and precipitation factors as predictors.

Radicle Presence Seed Mass Block
(df=1) (df = 1430) (df = 3)
B F/y p-value B F/p p-value B F/y p-value

Seed Mass -0.16 18.56 <0.0001 - - - - - -
Radicle ] i i 029 21.03 <0.0001 - 118.06 <0.0001
Presence

Percent 157 2923 <0.0001 026 1296 00003 - 4361 <0.0001
Germination
Germination 5 oo 1994 00001 -05 689 0008 - 19.37 <0.0001
Phenology
SteTV\'ff)'ght 025 283 009 06 4995 <0000l - 124  <0.0001
Stem

Diameter  -0.08 19.1 <0.0001 0.16 221.9 <0.0001 - 123.83 <0.0001
(W4)

Leaf

Number  -0.03 028 059 015 1481 00001 - 487  0.002
(W4)

SLA(log) 002 576 00l -001 513 002 - 016 068
Early Stem

Height 415 487 002 004 292 008 - 817 <0.0001
Growth

Rate

Late Stem

Height 50, 079 037 004 7.54 0006 - 2337 <0.0001
Growth

Rate

Early Stem

Diameter 508 347 006 001 41.98 <0.0001 - 9449 <0.0001
Growth

Rate

Late Stem

Diameter -

Gront, 0005 273 009 1 635 001 - 40.74 <0.0001
Rate

Survival  -1.22 219.4 <0.0001 008 197 016 - 3959 <0.0001
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Table 2 continued. Analysis of variance test statistics from the environmental-based

model, used to analyze genetic differences based on quantitative traits of Q. rubra

populations using temperature and precipitation factors as predictors.

Mean Annual Temperature Max Temperature
Temperature Seasonality Warmest Month
(df=1) (df=1) (df=1)
B F/p p-value B F/y p-value B F/y p-value
Seed Mass  -2.6 23.55 <0.0001 0(;09 2.13 0.14 273 2291 <0.0001
Radicle 403 1482 00001 -005 1751 <0.0001 223 393 0.4
Presence
Percent
Germination 10.02 52,57 <0.0001 0.08 29.97 <0.0001 -11 56.99 <0.0001
cermination 43 n05  0gg 0003 0005 094 05 00l 09
Phenology
Stem Height -
(W4) 753 1535 <0.0001 0.05 5.5 0.01 6.72 10.81  0.001
Stem
Diameter 055 4.84 0.02 0.006 5.45 0.01 -06 5.0 0.02
(W4)
Leaf
Number -221 58 0.01 0.008 0.55 045 189 3.76 0.05
(W4)
SLA (log) -0.54 13.82 0.0002 0(;06 152 0.0001 0.58 14.47 0.0002
Early Stem
Height -
Growth 2.04 1136 0.0008 0.01 499 0.02 177 7.34  0.006
Rate
Late Stem
Height 5 066 041 ™10 003 086 -03 059 044
Growth
Rate
Early Stem
Diameter 8x10° -
Growth 0.02 0.11 0.73 : 0.01 0.9 0.01 0.01 0.91
Rate
Late Stem
Diameter 4x10 -
Growth 0.06 264 0.1 4 0.53 0.46 0.07 2.37 0.12
Rate
Survival 7.7 39.66 <0.0001 0.07 27.07 <0.0001 8;34 43.85 <0.0001
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Table 2 continued. Analysis of variance test statistics from the environmental-based
model, used to analyze genetic differences based on quantitative traits of Q. rubra

populations using temperature and precipitation factors as predictors.

Min Temperature Precipitation of Wettest
Coldest Month Month

(df = 1) (df = 1) (df = 1)
B F/y p-value B F/y p-value g F/y p-value
Seed Mass 0.88 9.65 0.002 0.02 9.4 0.002 -0.37 27.17 <0.0001

Radicle
Presence

Annual Precipitation

0.36 0.43 0.51 -0.11 35.06 <0.0001 0.28 3.67 0.05

Percent 1x10
6

- -5.3 5346 <0.0001 9.6x10° 099 099 3144 <0.0001
Germination 5

Germination
Phenology

Stem Height
(W)

185 0.7 0.4 -0.03 021 0.64 -0.09 0.03 0.86

-46 218 <0.0001 -0.008 0.07 0.78 0.53 4.29 0.03

Stem
Diameter
(W4)

9.18 0.002 0.002 0.33 0.56 0.03 0.86 0.35

Leaf
Number 0.92 3.86 0.05 0.03 4.7 0.03 -0.34 784 0.005
(W4)

SLA (log) 0.29 1523 0.0001 -0.001 0.19 0.66 -0.03 3.35 0.06

Early Stem
Height -
Growth 0.86
Rate
Late Stem
Height -
Growth 0.14
Rate
Early Stem
Diameter -
Growth 0.01
Rate
Late Stem
Diameter -
Growth 0.04
Rate

6.97  0.008 0.01 1.04 0.31 0.1 159 0.2

0.53 0.46 0.002 0.09 0.76 0.02 0.23 0.62

0.19 0.66 0.0007 0.51 0.47 -0 0.15 0.69

4.54 0.03 0.0004 0.24 0.61 0.005 1.05 0.3

Survival 42.17 <0.0001 0.01 0.52 0.47 0.75 2297 <0.0001

4.21
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Table 3. Number of loci associated with environmental variables for the EAA using two
different approaches. For each approach the number of loci n is the total number of

associated sites in the analysis.

Bayenv2 LFMM
(n=16) (n =521)

Mean annual temperature 2 118
Mean diurnal range 1 112
Isothermality 1 106
Maximum temperature of the

1 109

warmest month
Minimum temperature of the 0 197

coldest month
Annual precipitation 0 107
Precipitation of the wettest month 1 227
Precipitation seasonality 1 231

*The sum of the loci associated exceeds the number of n for each approach because

of associations with more than one variable per locus.
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@ Coastal (0-16Km)
» Inland (17-80Km)
Interior (81-160Km)
® Quercus ellipsoidalis
% Green House Seedlings

% |
“"N\ Q. ellipsoidalis ‘

Figure 1. Map of sampled locations; this map includes all the populations that

Q. rubra

e

were sampled for either the common garden, the molecular analysis or both (For
specifics on each population refer to Supplementary table 1).Top panel includes Q.
rubra populations from coastal (0—16 km), inland (17-80 km), and interior (81—
160 km) from the coast of Lake Superior. Bottom panel contains the two Q.
ellipsoidalis populations included in the analysis. The star represents greenhouse
seedling samples included in the molecular analysis. Examples of morphological

differences between species are included to the right of each panel.
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80+

Radical Presence (%)

Early Height Growth Rate (cm/week)

Figure 2. Bar graphs of the least square of significant traits based on region in the
common garden experiment. Each bar in represents either a coastal or a noncoastal

population, error bars are based on standard error for each trait. The traits that were

701
60+
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301
201
10

i

Coastal

Non Coastal

H

Coastal

Non Coastal

Stem Height (cm)

Survival (%)

11.0
10.5
10.0 —
Coastal Non Coastal
80+
-1
—
Coastal Non Coastal

significantly different based on region the common garden experiment that were presence

of radicle (a) Stem height (cm) at week 4 (b) growth rate during the early season (weeks
1-4) (c) and survival rates (d).
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Figure 3. Non-metric multidimensional scaling (NMDS) in a k = 2 space using

“Euclidean” distances, of phenotypic data for all individuals with population specific

environmental variables fitted to the ordination. Each point represents an individual from

each population (represented by color), few individuals per population are labeled to

reduce label overlap. The length of the arrow is proportional to the correlation between

the environmental variable and the ordination. The correlation for each variable is: mean

annual temperature ( r>=0.12, P > 0.001), temperature seasonality ( r>= 0.095, P >

0.001), maximum temperature of the warmest month ( r?=0.1, P > 0.001), minimum

temperature of the coldest month ( r>=0.089, P > 0.001), annual precipitation ( r>=
0.094, P > 0.001), and precipitation of the wettest month ( r>=0.097, P > 0.001).
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Figure 4. Population structure and evidence of interspecific hybridization based on
neutral molecular markers. (A) Pairwise Fst matrix for Q. rubra and Q. ellipsoidalis
populations; circle size represents how large is the pairwise Fst value for each set of
populations. Because the calculated values are small, the matrix is scaled from 0 to 0.5
rather than the upper limit of Fst of 1. (B) STRUCTURE plot of Q. rubra and Q.
ellipsoidalis at K = 2 to identify admixture proportions between the two species. the top
panel has the proportions for each individual, while the bottom panel has the average
proportions across each region. (C) admixture proportions between coastal inland and
interior populations. *** indicates a significant difference between coastal and the
noncoastal regions. (D) Principal component analysis of coastal inland and interior
populations, each region is represented by a color and each population is represented by a
two-letter code (Supplementary Table 1). Ellipses represent 95% CI. Ellipse overall
represents no difference in the clustering for each population, which is consistent with no

population structure.
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Figure 5. Manhattan plot of outlier loci using two distance-based approaches: BayeScan
(A) and FDIST (B). Each point in the graph represents a the —log of the Fst value for
each locus within its respective chromosome based on the Q. lobata reference genome .
NC are non-characterized chromosomal regions. Points above the dotted line are loci that
have been identified as outliers after a 0.05% FDR correction (represented by the blue

line threshold). The red dotted line in the FDIST approach represent a p = 0.05
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512
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Figure 6. Venn diagram of loci identified as outliers by distance-based methods (FDIST

and BayeScan) and loci associated with environmental variables (Bayenv2 and LFM)

overlapping of ellipses represent the number of overlapping loci between software’s and

approaches. Only one locus was found to be under selection and associated with an

environmental variable between the four different approaches.
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Appendices

Supplementary Table 1. Northern red oak (Quercus rubra) and Northern pin oak
(Quercus ellipsoidalis) sites and tissues collected for both the greenhouse common
garden experiment and molecular marker analyses. Each population is represented by a
two-letter code, the region it belongs to, latitude and longitude coordinates, distance from
the lake and the type of tissue collected at each site. Specific spatial location can be found
in Fig. 1

Species Population . . . Distance Tissue
Region Latitude Longitude from the
name Name | Collected
ake (km)

Q. rubra ET Coastal 46.776132  -92.12431 2.05 Leaf /Acorns
Q. rubra MM Coastal  46.8843774 -91.975458 2.65 Leaf
Q. rubra HY Coastal  46.8303967  -92.08472 3.07 Leaf
Q. rubra AA Coastal 47.428242 -91.20655 4.18 Leaf /Acorns
Q. rubra TG Coastal  47.3368634 -91.270446 4.28 Leaf /Acorns
Q. rubra GG Coastal 47.44995 -91.2339 9.81 Leaf
Q. rubra MS Coastal  46.6952234 -92.231578 14.04 Leaf /Acorns
Q. rubra ST Coastal 46.673576  -92.273644 16.57 Leaf
Q. rubra JC Coastal 46.642718  -92.322142 16.89 Leaf /Acorns
Q. rubra HR Coastal 46.668554  -92.351586 17.38 Leaf
Q. rubra EE Inland 47.31909 -91.48048 18.8 Leaf
Q. rubra MG Inland 46.617996  -92.316025 23 Leaf
Q. rubra ccC Inland 46.702444  -92.638807 41.8 Leaf
Q. rubra NJ Inland 46.4077174 -92.371857 43.4 Leaf /Acorns
Q. rubra SL Inland 46.8388372 -92.719922 49.5 Leaf
Q. rubra FF Inland 46.247724 -92.3913 58.9 Leaf /Acorns
Q. rubra SC Inland 46.1041104 -92.478812 76.7 Leaf /Acorns
Q. rubra BS Inland 46.2071725 -92.819646 82 Leaf /Acorns
Q. rubra SP Inland 46.7785583 -93.228834 82 Leaf
Q. rubra EV Inland 47.479658 -92.517111 82.7 Leaf
Q. rubra BL Interior 47.96372 -92.000742 914 Leaf
Q. rubra HH Interior  46.8718874  -93.325495 94.9 Leaf
Q. rubra GL Interior  46.1243969 -92.997152 98.17 Leaf /Acorns
Q. rubra KW Interior 46.541621  -93.373846 101 Leaf
Q. rubra LE Interior  47.6920825 -92.629149 104.7 Leaf
Q. rubra CS Interior 45.853561 -92.748816 110.2 Leaf
Q. rubra SS Interior 46.31162  -93.352731 110.56 Leaf
Q. rubra GW Interior 47.694641  -92.81142 112 Leaf
Q. rubra ML Interior 46.16718 -93.778303 147.57 Leaf
Q. rubra Il Interior 45951059 -92.662983 156.75 Leaf
. Q: . HA Pin oak 45.38362 -93.16834 173.8 Leaf

ellipsoidalis

eIIipsQoidaIis woO Pin oak 45.21747 -92.77972 178.6 Leaf
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Supplementary Table 2. Number of individuals and SNPs retained from each dataset.
Datasets include the following populations: (1) field collected Q. rubra (coastal, inland,
and interior regions), (2) field collected Q. rubra and Q. ellipsoidalis. Each dataset
includes the total number of SNPs after initial filtering, the number of SNPs after
removing sites in linkage disequilibrium, the total number of SNPs after removing
multiple SNPs per locus , and the number of total SNPs after removing sites in linkage
disequilibrium from one SNP per locus dataset.

One One SNP

Number of  Total SNPS in SNP per Locus
Dataset L Linkage R
Individuals  SNPs 2 per in Linkage
Equilibrium e
locus  Equilibrium
Number Number of Number Number of
of SNPs SNPs of SNPs SNPs
1 363 8,210 3,770 2,568 2,162
2 413 7,022 3,347 2,324 1,946
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Supplementary Table 3. Allele Frequencies for overlapping outlier loci using BayeScan
and FDIST methods. The position and chromosome location are based on the publicly
available Q. lobata reference genome. Fst value reported corresponds to the value
obtained by the BayeScan analysis the FDIST Fst value is not reported given the high
similarity in Fst for both approaches.

Allele Frequency

Chromosome  Position Fsr Allele Coastal Inland Interior
1 29790677 0.579 TIG 0.94 0.9 1
1 29936530 0.667 GIT 1 0.79 0.65
4 38317234 0.149 T/C 0.59 0.6 0.75
5 53461008 0.175 CIT 0.53 0.61 0.63
9 45446014 0.143 CIT 0.8 0.68 0.76
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Supplementary Figure 1. Principal component analysis of coastal, inland, interior, field
and greenhouse collected Q. rubra populations, Badoura nursery populations (Southern
MN and lowa), Q. ellipsoidalis populations, and other closely related Quercus species
(Q. imbricaria, Q. macrocarpa and Q. palustris) collected from the Minnesota
Landscape Arboretum and the Morton Arboretum. For each principal component analysis
populations are coded by their region color and by the population two letter codes

(Supplementary Table 1) as individual points.
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Supplementary Figure 2. STRUCTURE plot analysis for genetic assignment of Q.
rubra populations for two values of K. Genetic assignment using K = 2 and K = 3 does
not provide evidence of population clusters and does not show evidence of strong
population structure. The proportion of each cluster is shown in different colors for all the
individuals in the analysis.
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