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Abstract 
Understanding how the environment shapes genetic variation provides critical in-
sight about the evolution of local adaptation in natural populations. At multiple spa-
tial scales and multiple geographic contexts within a single species, such information 
could address a number of fundamental questions about the scale of local adaptation 
and whether or not the same loci are involved at different spatial scales or geographic 
contexts. We used landscape genomic approaches from three local elevational tran-
sects and rangewide sampling to (a) identify genetic variation underlying local adap-
tation to environmental gradients in the California endemic oak, Quercus lobata; (b) 
examine whether putatively adaptive SNPs show signatures of selection at multiple 

spatial scales; and (c) map putatively adaptive variation to assess the scale and pat-
tern of local adaptation. Of over 10 k single-nucleotide polymorphisms (SNPs) gen-
erated with genotyping-by-sequencing, we found signatures of natural selection by 
climate or local environment at over 600 SNPs (536 loci), some at multiple spatial 
scales across multiple analyses. Candidate SNPs identified with gene–environment 
tests (LFMM) at the rangewide scale also showed elevated associations with climate 
variables compared to the background at both rangewide and elevational transect 
scales with gradient forest analysis. Some loci overlap with those detected in other 
oak species, raising the question of whether the same loci might be involved in local 
climate adaptation in different congeneric species that inhabit different geographic 
contexts. Mapping landscape patterns of adaptive versus background genetic vari-
ation identified regions of marked local adaptation and suggests nonlinear associa-
tion of candidate SNPs and environmental variables. Taken together, our results offer 
robust evidence for novel candidate genes for local climate adaptation at multiple 
spatial scales. 
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1  | INTRODUC TION  

Understanding how the environment shapes genetic variation pro-
vides critical insight about the evolution of local adaptation in natural 
populations. Spatial genetic variation can occur as a result of natural 
selection by local environmental conditions in populations inhabit-
ing heterogeneous environments or as a result of neutral processes, 
such as genetic drift in structured populations, limited gene flow that 
isolates populations by distance, biased dispersal related to environ-
mental factors, or demographic history linked or correlated with en-
vironmental variation (Sork et al., 2013; Wang & Bradburd, 2014). 
When selection acts on specific phenotypes that enhance local sur-
vival, fecundity, or other fitness components, allele frequencies at 
specific loci underlying those phenotypes will vary across the land-
scape in relation to the environmental gradients imposing selective 

pressure (Endler, 1986; Savolainen et al., 2013). This process leads 
to local adaptation, which arises when the fitness of local genotypes 
is higher in their home habitat than the fitness of genotypes from 
other habitats (Savolainen et al., 2007). The genomics of local adap-
tation has been of increasing interest in ecologically important, long-
lived species such as trees for its potential value in optimizing seed 
sourcing, reforestation efforts, and other management applications 

(Aitken & Bemmels, 2016; Aitken & Whitlock, 2013). 
Genomic tools coupled with environmental or phenotypic data 

have led to advances in our understanding of adaptation in natural, 
non-model systems because they allow the screening of thousands 
to millions of sequence variants for signatures of natural selection 
that are consistent with local adaptation (Rellstab et al., 2015; Sork 
et al., 2013). Landscape genomic methods offer one approach to un-
derstanding local adaptation and fall under two broad classes: gen-
otype–environment association and differentiation-based outlier 

tests. These tests operate under the premise that spatially varying 
natural selection along environmental gradients will lead to signifi-
cant genotype–environment associations or exceptionally high ge-
netic differentiation among populations at locally adaptive loci, after 

controlling for background levels of association or differentiation 

across the genome. These methods aim to account for the fact that 
variation throughout the genome can correlate with environmental 
variation or vary spatially due to numerous neutral processes (Wang 

& Bradburd, 2014). Thus, appropriate sampling and proper statistical 
approaches can separate loci that have exceptional environmental 
associations from the background associations generated by neu-
tral processes, while minimizing false positives (De Mita et al., 2013; 
Lotterhos & Whitlock, 2015). Landscape genomics offers one view 
of the effects of local adaptation at the molecular level that comple-
ments studies of fitness and phenotypic variation in common garden 
experiments (Sork et al., 2013). 

With knowledge of the genes underlying local adaptation, spatial 
patterns of adaptive genetic variation as well as background genetic 

variation can be mapped to identify geographic regions with sim-
ilar genetic backgrounds (Fitzpatrick & Keller, 2015). As a result, it is 

possible to evaluate the scale and pattern of local adaptation in nat-
ural populations distributed across a landscape. For example, using a 

machine-learning approach demonstrated by Fitzpatrick and Keller 
(2015), Martins et al. (2018) demonstrated regional geographical gra-
dients of adaptive genetic variation and identified nonlinear relation-
ships between adaptive variation and geographic and environmental 
variables among individuals of Quercus rugosa in Mexico. Comparing 

mapped landscapes of background genetic variation to adaptive varia-
tion, they identified regions that may harbour especially strong adaptive 

differences, which may also have applications in forest management. 
Previous studies in trees have used landscape genomic approaches 

to identify putative candidate genes underlying local adaptation at 
broad and fine spatial scales. For example, Pinus taeda exhibits sig-
natures of local adaptation to an aridity gradient spanning the south-
eastern USA in several genes with abiotic stress response functions 

(Eckert et al., 2010), and Populus balsamifera exhibits evidence of local 
adaptation reflected in variation in flowering phenology genes across 

a continent-wide climate gradient in northern North America (Keller 
et al., 2012). At fine spatial scales (~20 km), Pinus lambertiana is locally 

adapted to precipitation gradients as demonstrated both by land-
scape genomic and common garden approaches (Eckert et al., 2015). 
However, it is still unknown whether the same genes and processes 

underlie species adaptation at broad and fine spatial scales. 
Evaluating landscape patterns of adaptive variation at multiple 

spatial scales or geographic contexts within a single species, could 
help address fundamental questions about local adaptation and evo-
lution. For example, SNPs found to be under selection at multiple 
scales can reflect either independent selective processes in each 

context or a global process that was detected in multiple ways. If dif-
ferent SNPs within the same loci are under selection by the same cli-
mate variables at the different scales or contexts, then independent 
parallel selective processes may be occurring. Furthermore, finding 
the same gene–environment associations in multiple contexts might 
increase our confidence in attributing them to underlying local adap-
tation because the randomness of drift is unlikely to lead to the same 
associations in multiple contexts (Rellstab et al., 2017). 

Here, we take first steps towards identifying genetic variation 
underlying local adaptation to environmental gradients and the spa-
tial patterns of adaptive variation at multiple scales. We focus on 
Quercus lobata (valley oak; Quercus sect. Quercus), which occupies 

a heterogeneous environment from highly seasonal habitat in the 

southeastern part of its distribution to mild and cool habitat near 
coastal regions (Figures 1 and S1). Q. lobata may be particularly 

amenable to landscape genomic approaches because it did not un-
dergo large-scale range expansion in response to Quaternary climate 
change (Gugger et al., 2013), and thus there may be less confound-
ing of selective and neutral signatures than in many other temper-
ate tree species. Furthermore, there are now substantial genomic 
resources available, including an annotated reference genome (Sork, 
Fitz-Gibbon, et al., 2016) and transcriptome (Cokus et al., 2015). In 
addition, surveys of trait variation in the field (e.g., Albarrán-Lara 
et al., 2015) and ongoing research at a large-scale common gar-
den that includes samples at multiple spatial scales (Delfino Mix 
et al., 2015) suggests variation in fitness as measured by leaf and 
growth-related traits consistent with local adaptation to current or 
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F I G U R E  1   Genetic structure as inferred from (a) sNMF and (b) principal components analysis (PCA). In (a) pie charts represent population 
ancestry proportions for individuals, which are also shown in bar chart format to the lower left. Some pies overlap obscuring others, but the 
general pattern is not affected. Black boxes delimit the three elevational transects (see Figure S2 for detailed view). Dark grey background 
marks the distribution of valley oak as extracted from CA GAP data (Davis et al., 1998) 

past environmental gradients (Browne et al., 2019). Furthermore, 
Browne et al. (2019) demonstrated that SNPs can be used to identify 
genotypes associated with higher growth rates under warmer tem-
peratures in this species. Previous landscape genomic studies in Q. 
lobata were limited in sample size (Gugger et al., 2016) or the number 
of genetic loci (Sork, Squire, et al., 2016), necessitating further study, 
but provide some candidates for comparison along with those from a 
water stress gene expression experiment (Gugger et al., 2017). 

Quercus is an ecologically and economically important taxon 

in northern temperate forests (Cavender-Bares, 2016, 2019). 
Understanding the molecular basis of local adaptation in this group 
is an important goal both for our basic understanding of evolu-
tion and genomics, as well as for our ability to effectively manage 
oak species for conservation and natural products in a world in 
which climate change imposes novel stresses (Kremer et al., 2012). 
Landscape genomic analyses in Mexican (Martins et al., 2018) and 
European oaks (Pina-Martins et al., 2019; Rellstab et al., 2016), and 
gene expression experiments in European oaks (Lesur et al., 2015; 
Porth et al., 2005) also provide some candidate genes for local adap-
tation in the same taxonomic section. Since the publication of most 
of the studies above, reference genome sequences and annotations 
have become available (Plomion et al., 2016; Sork, Fitz-Gibbon, 
et al., 2016), greatly enhancing the potential to make inference from 
genomic association studies. 

In this study, we generate a large single-nucleotide polymor-
phism (SNP) data set using genotyping-by-sequencing (GBS; Elshire 

et al., 2011) of samples collected at multiple spatial scales to (i) 
identify genetic variation underlying local adaptation with multi-
ple landscape genomic analyses; (ii) examine whether putatively 

adaptive SNPs show signatures of selection at both rangewide and 
local transect spatial scales; and (iii) map putatively adaptive vari-
ation to assess the scale and pattern of local adaptation. We em-
ploy genotype–environment association and differentiation-based 

outlier tests to identify putatively adaptive SNPs and then use a 

machine-learning approach to collectively evaluate support for pu-
tatively adaptive SNPs and map adaptive allele frequency changes 
on the landscape at multiple spatial scales allowing for possible 
nonlinear patterns. We focus our local-scale analyses on elevational 
gradients because the environment changes rapidly over short 
distances, thus enhancing the opportunity for local adaptation at 
this scale. Given the relatively stable distribution of Q. lobata and 
evidence of local adaptation at multiple spatial scales in previous 
studies, we expect to identify SNPs under natural selection by en-
vironmental factors at both rangewide and local spatial scales along 

elevational transects, reflecting either independent selective pro-
cesses or a global selective process and allowing us to evaluate, in 
part, whether independent parallel selective processes may be oc-
curring. We discuss our findings in comparison to SNPs detected in a 
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study of the Mexican oak, Q. rugosa, that employed similar methods. 
Through discovery-based tests of selection and spatial analysis of 
adaptive variation, we aim to provide insights into the mechanisms 
and patterns of local adaptation. 

2  | MATERIAL S AND METHODS  

2.1 | Sampling and processing 

In fall of 2012, leaf samples from 436 adult trees were collected 
from throughout the range of valley oak and separated from each 
other by at least 50 m (Figure 1; Table S1). Within this rangewide 
sampling, three areas were more intensively sampled along eleva-
tional gradients (subsets of the 436 total samples). The Hamilton 
transect up Mt. Hamilton spans 12 km and includes 30 samples 
from 383–1,112 m elevation; the Madera transect from the eastern 
Central Valley near the town of Madera to the Sierra Nevada foot-
hills spans 69 km and includes 45 samples from 78–607 m; and the 
Tejon transect from the southern Central Valley up Cordon Ridge in 
Tejon Ranch spans 17 km and includes 52 samples from 361–1,766 m 
elevation (Figures 1, S1, and S2). Fresh leaf samples were stored on 
ice until arriving at UCLA, where they were stored at −80°C. 

Total genomic DNA was extracted from approximately 50 mg of 
frozen tissue using the Qiagen DNeasy Plant Mini Kit with an added 
“prewash” step to minimize secondary compounds in the final prod-
uct (Gaddis et al., 2014). The prewash was as follows: after bead-
based tissue grinding under liquid N2, 1 ml of prewash buffer was 
added, the mixture was shaken for 10–20 s at 30 Hz and then spun 
for 10 min at 10,000 rpm in a microcentrifuge, the supernatant was 
discarded, and finally the pellet was processed with the standard 
DNeasy protocol starting at the Buffer AP1/RNase A addition step. 
The prewash buffer was composed of 100 mM Tris-HCl (from pH 
8.0 stock), 50 mM EDTA, 1 M NaCl, 0.01 g/ml polyvinylpyrrolidone 
(PVP; k-30, SABC), and 4.5 μl/ml 2-mercaptoethanol (added immedi-
ately prior to use). 

2.2 | Genotyping by sequencing 

Total genomic DNA was prepared for sequencing using an efficient 
restriction-enzyme-based approach commonly known as genotyp-
ing by sequencing (GBS; Elshire et al., 2011). GBS is a cost-effective 
method that has proven fruitful in population and landscape genomic 
studies with related goals (Gugger et al., 2018; Martins et al., 2018; 
Parchman et al., 2018). Briefly, DNA was digested with a restriction 
enzyme, common and unique barcoded adapters with overhangs 

complementary to the cut site were ligated to each sample, samples 

were pooled in equimolar ratios, and the pooled library was PCR-
amplified and sent for Illumina sequencing. We largely followed 
the original protocol, including using the same adapter sequences, 
adapter concentration (0.036 ng/µl of each adapter), and restriction 
enzyme (ApeKI). However, we pooled 48 samples per library prep/ 

sequencing lane rather than 96; adapters were added during the liga-
tion step rather than prior to restriction digestion; AMPure XP bead-
based size selection/purification steps were added after the ligation 
step and repeated after the PCR step to ensure a consistent distribu-
tion of fragment sizes between 200 and 500 bp (including adapters) 
among all preps; and we reduced the number PCR cycles to 16 from 

18. Final libraries were checked for the proper size distribution on an 
Agilent BioAnalyzer with the High Sensitivity DNA assay and quan-
tified using a Qubit fluorometer. Libraries were sent to the UCLA 
Broad Stem Cell Research Center for single-end, 100 bp sequencing 
on an Illumina HiSeq2000 v3. 

GBS provides thousands of genome-wide SNPs for analysis but 
these represent a small fraction of the total oak genome (850 Mb; 
Sork, Fitz-Gibbon, et al., 2016). Thus, we are likely to miss many rel-
evant adaptive loci (Lowry et al., 2017), but the ones detected in this 
study are likely to be in, or near, causal loci (see below), because link-
age disequilibrium decays rapidly along the oak genome (<1 kb; Sork, 
Squire, et al., 2016), as in other highly outcrossing wind-pollinated 
trees (Brown et al., 2004). In addition, due to the fragmentary evi-
dence provided by GBS and association tests, we cannot determine 
whether we have captured loci causally related to local adaptation 
or linked loci. Nonetheless, the approach is conducive to identify-
ing some of the adaptive variation within a species and for evalu-
ating spatial patterns of that adaptive variation in comparison with 
background variation, as demonstrated in related studies (Gugger 
et al., 2018; Martins et al., 2018; Parchman et al., 2018). 

2.3 | SNP calling 

Illumina reads were demultiplexed and quality filtered using STACKS 

1.28 to 1.41 (Catchen et al., 2011) process _ radtags, which re-
moved adapter sequence with up to two mismatches (adapter _ 

mm), recovered barcodes with up to one mismatch to the expected 
barcodes (r), removed any read with an uncalled base (c), discarded 
low quality reads as defined by default settings (q), and trimmed all 
reads to 92 bp (t). Using BWA 0.7.12 (Li & Durbin, 2010), the fil-
tered reads were aligned to the Quercus lobata reference genome 

version 0.5 (NCBI accession # ID 308,314, also available at http//val-
leyoak.ucla.edu; [Sork, Fitz-Gibbon, et al., 2016]). We used GATK 3.7 
(DePristo et al., 2011) to identify SNPs in each aligned sample using 

a minimum Phred-scaled confidence threshold of 30. We then used 
“VariantFiltration” and “SelectVariants” tools in GATK to exclude low 
quality variants, applying the following filters: QD < 10.0 (quality 
by depth), DP < 4 (genotype read depth), and ExcessHet > 100. We 

used VCFTOOLS 0.1.15 (Danecek et al., 2011) to filter the SNPs to in-
clude only diallelic sites, present in at least 90% of individuals, minor 
allele frequency (MAF) ≥ 0.10, and mean depth of coverage across all 
samples <80× to filter organellar DNA and sites aligning to genomic 

regions that may have been overcollapsed in the reference genome. 
Finally, SNPs were pruned in PLINK 1.90b4.9 (Chang et al., 2015) to 
remove those exhibiting high linkage disequilibrium defined by using 

a 5 kb window, sliding five SNPs, and removing a SNP from all pairs 

http://www.valleyoak.ucla.edu
http://www.valleyoak.ucla.edu
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with r2 > .5. The above filtering was performed four times: once for 
all samples together to generate a rangewide data set and then once 
for each set of samples belonging to a transect. Our filtering strategy 
maximizes the number of high-quality SNPs that can be meaning-
fully analysed in each data set. 

2.4 | Genetic structure and outliers 

Genetic structure of rangewide and each transect data set was as-
sessed with principal components analysis (PCA) to capture continu-
ous variation and sparse non-negative matrix factorization (sNMF) to 

estimate the number of discrete genetic clusters (K) and admixture co-
efficients (Frichot et al., 2014), similar to Bayesian clustering methods 

(Pritchard et al., 2000). The optimal number of sNMF clusters was se-
lected according to the lowest cross-entropy value, or where the cross-
entropy value begins to plateau. The sNMF clusters were then used as 

the basis for testing for SNPs that have significantly elevated differen-
tiation among clusters consistent with natural selection for local adap-
tation among clusters (Martins et al., 2016), analogous to FST-outlier 
approaches (Lotterhos & Whitlock, 2014) but shown to be among the 

best performing methods. Differentiation-based tests of selection may 

capture loci related to environmental variables that we could not or did 

not measure, such as soil or the biotic environment (see below). PCA 

and sNMF were performed in R 3.3.2 (R Core Team, 2019) using the 

“vegan” 2.5–1 (Oksanen et al., 2018) and “LEA” 2.0.0 packages (Frichot 
& François, 2015a), respectively. The resulting p-values for the outlier 
tests were adjusted for multiple testing to Q-values using the false-dis-
covery rate method (Benjamini & Hochberg, 1995) as implemented in 

the “qvalue” 2.6.0 package. Q < 0.1 was considered significant. 

2.5 | Environmental association analyses 

To identify candidate SNPs that may be under the influence of natu-
ral selection by climate stressors, we used latent factor mixed model-
ling (LFMM; Frichot et al., 2013) as implemented in the LEA package 
(Frichot & François, 2015a) in R to test for significant associations 
of climate variables with SNP allele frequencies after accounting for 
background genetic structure. LFMM is among the most powerful 
models for detecting loci under selection for individual-based sam-
pling designs (Forester et al., 2018; Lotterhos & Whitlock, 2015). 
Background structure was modelled in LFMM through the associa-
tion of a predefined number of latent factors. To select the “optimal” 
number of latent factors, we used the number of clusters inferred 
from sNMF (see above) and checked histograms of p-values from 

the LFMM results to ensure that the false-positive rate was well con-
trolled. LFMM does not depend on accurately inputting the “true” 
number of clusters as the number of latent factors; rather, the goal is 
to control the statistical error rates. Missing SNP data were imputed 
using built-in LEA functions based on the inferred genetic structure. 
LFMM was run with 10 repetitions and burnin of 5,000 steps fol-
lowed by 10,000 iterations. The resulting z-scores were combined 

across repetitions, and p-values were recalculated following the pro-
gram developers’ guidance. The resulting p-values were adjusted for 
multiple testing using the false-discovery rate method and signifi-
cance threshold of Q < 0.1 as above. These analyses were performed 

separately for the rangewide data set and each elevational transect. 
Climate variables (1981–2010 averages) included growing de-

gree-days above 5°C (GDD; a measure of the amount of energy a 
plant receives), which was derived from PRISM data with 800 m 
resolution (Coop, 2017); and mean minimum temperature (Tmin), 
mean maximum temperature (Tmax), climatic water deficit (CWD; an 
integrated measure of water availability), and actual evapotranspi-
ration (AET), which were extracted from the 2014 California Basin 
Characterization Model at 270 m resolution (Flint & Flint, 2007; Flint 
et al., 2013). These variables were chosen because they are expected 
to relate to stresses, and thus selective pressures, that valley oaks 
face in California and because they have been linked to genetic vari-
ation or limiting distribution in other studies (Gugger, Fitz-Gibbon, 
et al., 2016; Gugger et al., 2013; McLaughlin & Zavaleta, 2012; Sork 
et al., 2010). Because LFMM does not account for correlation struc-
ture among environmental variables, we followed the developers’ 
guidance to distill the five climate variables to synthetic variables 
based on principal components axes: three for the rangewide data 
set and two for each of the transects. We chose to run separate 
PCAs for each geographic context because we wanted to character-
ize the primary patterns of environmental change in each context. 
Using PC scores from a single rangewide analysis at the transect 
scale would not be efficient and would necessitate including many 
axes. As a result of our decision, we focus on assessing general en-
vironmental associations rather than associations related to specific 

climate variables. We believe this decision is reasonable because 
climate variables, both those used in the analysis and those not in-
cluded, are correlated with each other in each context, thus con-
founding our ability to attribute associations causally to any specific 

variable. Moreover, different variables can lead to the same stress, 
for example, high temperature and low water availability can both 
lead to water stress. Indeed, the LFMM developers suggest using 
PCs in their documentation (see below; Frichot & François, 2015b). 

2.6 | Genomic context and annotation 

The genomic context and functional annotations for SNPs with 

significant association in LFMM associations or sNMF outlier 

SNPs were drawn from the annotated genome assembly ver-
sion 0.5 for Q. lobata (Sork, Fitz-Gibbon, et  al.,  2016), which are  

based on the alignment of an annotated reference transcriptome 

for Q. lobata (Cokus  et  al.,  2015), whose  annotation is based on  

TAIR 10 (Lamesch et al., 2012) and Pfam (Finn et al., 2016) for 

sequences with high-quality matches to Arabidopsis. For loci 
without annotations in our reference, we considered BLASTx 

hits to all nonredundant GenBank coding regions (transla-
tions + PDB + SwissProt + PIR + PRF). We focus on genes within 

which the SNP is located or genes that are less than 10 kb away 
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in cases in which the SNP is not located within a gene. Although 

linkage disequilibrium is thought to decay within 1 kb based on a 

small number of genes, we chose 10 kb as the upper threshold for 

genes to consider because patterns of linkage disequilibrium have 

not been evaluated in most of the genome and thus may extend 

longer than 1 kb in some regions. To evaluate overlap among sets 

of significant SNPs in different analyses or spatial contexts, we 

considered whether SNPs were within 2.5 kb of each other in ei-
ther direction, creating an approximately 5 kb window, in addition 

to whether the exact same SNP was found in each set. Multiple 

SNPs within this window are referred to here as being within the 

same locus. We performed the same comparison among sets using 

the top 100 SNPs (100 lowest Q-values) from each set, regard-
less of statistical significance, as a means of providing a more 

equal basis for comparison when the number of significant SNPs 

differed greatly across sets. Different SNPs from the same locus 

might be significant in different analyses due to differences in the 

specific SNPs that passed filtering in each geographic context, sta-
tistical artefacts due to linkage, or parallel selection at different 
SNPs within a locus in different geographic contexts. 

2.7 | Comparing and mapping climate associations 
in candidate and overall genetic variation 

We ran gradient forest (GF; Ellis et al., 2012) as implemented in “gra-
dientForest” 0.1–17 (http://gradientforest.r-forge.r-project.org/) in R to 

(a) quantify and characterize the shape of the gradient in the association 

of climate variables with candidate SNPs collectively and with all SNPs; 
(b) map patterns of variation in candidate SNPs and all SNPs; and (c) 
evaluate whether LFMM candidate SNPs are also among the top as-
sociations in gradient forest (Fitzpatrick & Keller, 2015). We, thus, used 

this approach as a “validation” of LFMM and sNMF findings, to provide 

more detailed quantification of climate–SNP association in each geo-
graphic context, and as a basis for mapping adaptive and background 

genetic variation allowing for nonlinear patterns that would not oth-
erwise be apparent from LFMM. Gradient forest is a machine learn-
ing, regression tree approach that allows for exploration of nonlinear 
associations of spatial, environmental, and allelic variables. The ap-
proach partitions the allele frequency data at “split values” along the 

environmental gradients. Split importance, a measure of the amount of 
variation explained, is high in positions along the gradient where allelic 

change is large. Moving along the gradient, the split importance values 

are summed cumulatively to produce a step-like function for allele fre-
quency change along the environmental gradient. These functions are 

generated (a) for each SNP with each climate and spatial variable, which 

enables comparison of the SNPs with the highest climate associations 

here to those detected in LFMM; and (b) summarized across all included 

SNPs to provide a composite view of SNP–climate associations, which 

enables comparison of a model with all SNPs versus one with candidate 

SNPs only. To this end, we ran gradient forest up to three times for each 

data set using individuals as data points: once based on all rangewide 

SNPs, once based on LFMM candidate SNPs only, and once based on 

sNMF candidate SNPs only (rangewide only) as dependent variables. 
Missing SNP data were not imputed. The independent variables in-
cluded the five climate variables described above, as well as spatial vari-
ables defined using principal coordinates of neighbourhood matrices 

(PCNM), also known as Moran's eigenvector maps (MEM), which were 

calculated from the geographic coordinates in decimal degrees using 

the pcnm function in “vegan” (Oksanen et al., 2018). PCNMs are a set 

of orthonormal variables calculated through eigenvalue decomposi-
tion of a spatial weighting matrix of coordinates (Dray et al., 2006) and 

are included here to account for spatial genetic processes that lead to 

spatial autocorrelation and unmeasured environmental variation. We 

retained half of the PCNM variables with positive eigenvalues, as has 

been suggested in similar contexts (Fitzpatrick & Keller, 2015; Manel 
et al., 2012): 55 in the rangewide data set, three in Hamilton Transect, 
eight in Madera, and six in Tejon. We ran gradient forest with 500–2000 

regression trees per SNP, maxLevel = log2(0.368n)/2, and a variable 

correlation threshold of 0.5 to calculate conditional variable impor-
tances as recommended (Ellis et al., 2012; Strobl et al., 2008). Other 
parameters were set to default values. Pearson correlations among cli-
mate variables, PCNMs, and sample coordinates are given in Table S2. 

For mapping gradient forest results, we first used the predict 

function to predict genetic variation across all grid cells in the study 

region within California, once for each SNP set. We then mapped 
the resulting predictions across the landscape using principal com-
ponents of the predictions to generate a red–green–blue colour 
scale according to the first three axes for each set (see Fitzpatrick 
& Keller, 2015 for more details on the approach). The results from 
all SNPs versus candidate SNPs were compared by performing a 
Procrustes superimposition (Gower, 1971) in “vegan” on the above 
principal components and then mapping the Procrustes residuals on 
a colour scale to represent the absolute distance in genetic composi-
tion between candidate and all SNPs for each point location. 

Finally, we searched for LFMM candidates among the top 10 
climate-associated SNPs in GF to provide further support for their 
putative role in climate adaptation. We used the top ten from GF 
because GF does not provide a significance test. 

3  | RESULTS  

3.1 | SNP data 

The final rangewide data set for 436 samples contains 11,019 SNPs 
with median coverage depth of 36 × across loci and 35 × across indi-
viduals (Figure S3). Applying the same filters to each transect, we re-
tained 11,786 SNPs in the Hamilton transect, 13,262 in the Madera 

transect, and 10,159 in the Tejon transect. 

3.2 | Genetic structure and outliers 

SNP-based PCA of the rangewide samples suggests two groups of 
samples: those within and near the Tejon Transect and those from 

http://gradientforest.r-forge.r-project.org/
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the rest of the species’ range (Figure 1, also supported by PCA of 
transect samples alone, Figure S4). sNMF suggests either six clusters 
if choosing the lowest cross-entropy value or three if choosing where 
the values begin to plateau (Figure S5). We chose three because they 
also produced reasonable clusters that have some geographic signal: 
one most common around Tejon in the south, one most common in 
the northwest, and the third most common in between (Figure 1). 
However, most samples were inferred to be admixed, containing an-
cestry from two or three of these clusters. Based on these clusters, 
sNMF identified 577 significant outlier SNPs with Q < 0.1 (Tables 1, 
S3, and S4) that fall within 462 loci defined by 5 kb windows. A total 
of 195 SNPs fall within known oak genes, and of the remaining, 92 
have a gene within 10 kb downstream, and 78 have a gene within 
10 kb upstream. Functional annotations are diverse and are detailed 
in Table S3 by SNP. 

The Hamilton and Madera transects have no genetic structure 
(K = 1), and the Tejon transect has three clusters (K = 3; Figure S4) 
according to the lowest cross-entropy value (Figure S5). As a result, 
we opted to perform structure-based sNMF outlier tests only in 
the Tejon transect. We detected 36 significant SNPs within 32 loci 
in the Tejon transect (Tables 1, S2, and S5). One SNP is in a gene 
that encodes a protein whose sequence is similar to pinoresinol-la-
riciresinol reductase from pine (oak gene: m01oak08871cC; TAIR 
ID: AT4G34540) and was also significant at the rangewide scale 
(Table 2). 

3.3 | Environmental associations 

LFMM revealed 34 total significant climate-associated SNPs from 
21 loci: 14 SNPs associated with the first principal component of 
climate variation (PC1), 11 with PC2, and nine with PC3 (Tables 1, 
S3, and S4). Climate PC1 is strongly associated with AET, CWD, 
GDD, and Tmax (49% of variance); PC2 is strongly associated with 
AET and Tmax (26%); and PC3 is strongly associated with Tmin 
(22%; Figure S6). Seven SNPs are within genes (phosphoglycerate 
mutase family protein, protein serine/threonine kinase, snurportin-1 

protein, and a transmembrane amino acid transporter protein), six 
have genes within 10 kb upstream (Sec14p-like phosphatidylinosi-
tol transfer family protein, 1,8-cineole synthase, NIN-like protein 7, 
and α/β-hydrolases superfamily protein), and two with a gene down-
stream within 10 kb (rcd1-like protein). Five SNPs with significant 

TA B L E  1   Number of SNPs that are significant for each test 
(LFMM, sNMF) for each geographic context 

LFMM 

PC1 PC2 PC3 sNMF 

Rangewide 14 11 9 577 

Hamilton 0 0 NA NA 

Madera 1 2 NA NA 

Tejon 0 0 NA 36 

associations in LFMM are in common with sNMF outliers, but none 
of these have known functions or are located within 10 kb of anno-
tated genes (Tables 2 and S3; Figure 2). Overlap among top 100 SNPs 
at the rangewide scale for LFMM and sNMF consists of three loci: 
m01oak14993cC or Y-family DNA polymerase H, m01oak12927cC 
or TRFL10, and m01oak05143CC or quinoprotein amine dehydroge-
nase (Tables 2 and S6). 

For the elevational transects, only three significant climate as-
sociations were detected, all in Madera: one of unknown function 
with PC1 and two with PC2 (Tables 1, S3, S5, S7, and S8). PC1 is 
strongly associated with all the climate variables and PC2 is most 
associated with GDD. The SNPs associated with PC2 are 3.6 kb from 
oak gene m01oak02014cC, which is an auxin-induced transcription 
factor (Pfam: AUX_IAA, PF02309) and 6.2 kb from α/β-hydrolases 
superfamily protein (m01oak02652cC, AT3G60340). Eight loci are in 
the top 100 in both the Tejon LFMM and sNMF analyses (Table S6). 
Comparing the loci surrounding the top 100 SNPs in each LFMM 
analysis, six loci overlap among transects and rangewide (Figure 2), 
five of which are in protein-coding regions: Y-family DNA poly-
merase H, plasma-membrane choline transporter family protein, 
ankyrin repeat-containing protein, and two in uncharacterized pro-
teins (Tables 1 and S3). 

Histograms of p-values from the LFMM results suggest that the 
false-positive rate was well controlled in tests from the rangewide 
and transect data sets (Figure S7). 

3.4 | Comparing and mapping climate associations 
in candidate and overall genetic variation 

At the rangewide scale, climate variables exhibit moderate R2-
weighted importance in the gradient forest model with all SNP data, 
all ranking between 20 and 35 of 60 total variables and in the follow-
ing order: CWD, GDD, Tmax, AET, Tmin (Figures 3 and S8). Nineteen 
of the PCNMs rank above the climate variables. The relationship of 
SNP allelic variation with each of the climate variables appears nearly 
linear but more step-like for several of the top PCNMs (one repre-
sentative shown; Figure 3). The 577 sNMF candidate SNPs do not 
appear substantially more associated with climate variables than the 
background, although subtle differences can be observed (Figures 3 
and S7). In contrast, gradient forest associations of the 34 LFMM 
candidate SNPs with all climate variables and most PCNMs achieve 
greater R2-weighted importance than the all-SNP model (0.002– 

0.008 vs. <0.0015). Cumulative importance plots show steep gra-
dients in LFMM candidate allelic composition around CWD = 1,000, 
GDD = 7,500, and Tmax = 34, and more gradual change with AET 
and Tmin. 

Among the transects, gradient forest models with all SNPs indi-
cate modest differences in magnitudes of climate association and dif-
ferent rank orders of importance among climate variables (Figures 4 
and S8). However, in all cases the shapes of the associations appear 
roughly linear, and the magnitudes of cumulative importance among 
variables within models are similar. Because only three SNPs are 
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F I G U R E  2   Venn diagrams showing (a) overlap of SNPs and loci 
among rangewide LFMM and sNMF tests and (b) overlap of loci 
surrounding top 100 SNPs in LFMM tests for each geographic 
context. Loci are defined as a 5 kb window centred on a SNP 
[Colour figure can be viewed at wileyonlinelibrary.com] 
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LFMM candidates in the transects, we opted to forgo modelling 
these candidate SNPs in the transects with GF. Instead, we used the 
34 LFMM candidate SNPs from the rangewide data set and exam-
ined whether they collectively showed evidence of elevated climate 

association relative to all SNPs in the transects using GF. Six cases of 
SNP–climate variable associations in GF achieve greater importance 
for the LFMM candidate genes than the complete SNP set: Tmin in 
Hamilton (0.020 vs. 0.015), Tmax in Hamilton (0.032 vs. 0.018) and 
in Madera (0.027 vs. 0.007), CWD in Madera (0.018 vs. 0.008), and 
to some extent Tmin and CWD in Tejon (0.011 vs. 0.007; Figure 4). 

Projecting the rangewide climate–SNP relationships onto maps 

revealed moderate changes in allelic composition from north to 
south (or northwest to southeast) in both the complete SNP data set 
and the LFMM candidate SNP data set (Figure 5; map for sNMF can-
didates depicted in supplement Figure S9 because they follow the 
overall SNP pattern as shown in Figure 3). Comparing the map based 
on candidate SNPs to that with all SNPs, the largest differences be-
tween putatively adaptive genetic variation and overall variation is in 
the southeast and select points in the north. 

Map projections for the transects show that both overall and 

putatively adaptive genetic variation are aligned with the envi-
ronmental, and elevational, gradient (Figure 6; also see Figures S1 

and S2). The relationship in the Hamilton transect is more com-
plex, however, and differences between candidate SNP and overall 
genetic variation do not follow a clear pattern. In Madera, candi-
date SNP variation deviates from the background most at higher 

www.wileyonlinelibrary.com
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elevations. In Tejon, candidate SNP variation deviates most at the 

lowest and a middle elevation site and to some extent at a high 

elevation site. 
Finally, we found that six LFMM candidate SNPs are among the 

strongest climate-associated SNPs in the GF rangewide model (con-
tig:position: 4:32561505, 4:32561633, 7:20294827, 7:74552124, 
8:29021994, 8:31873318; Table 2, Figure S10). None of these SNPs 

are in or near genes of known function, although one is 5 kb from oak 
gene m01oak18542CC. Three of these SNPs are also sNMF outliers. 

4  | DISCUSSION  

4.1 | Evidence of natural selection 

We found signatures of natural selection by climate or local environ-
ment at over 600 SNPs (536 loci), some at multiple spatial scales 
across multiple analyses (Tables 1, 2, and S2). At the rangewide scale, 
five loci (defined by 5 kb windows) emerged as candidates from both 
LFMM and sNMF, six from both LFMM and GF, and three from all 
three analyses (Table 1). Furthermore, two loci were identified as 
candidates in sNMF at both the rangewide and transect scales. 

Additional overlap among sets is apparent when comparing the 

top one hundred associations regardless of statistical significance. 
LFMM candidates also had stronger associations with climate vari-
ables than the background when analysed in the multivariate, non-
linear gradient forest framework at the rangewide scale and at the 
transect scale for several climate variables (Figures 3 and 4). Taken 
together, our results offer robust evidence for novel candidate genes 
underlying local climate adaptation or spatially varying fitness re-
lated to current or past local environments. 

LFMM tests within the transects may have been underpowered 
due to small sample size, as only a few loci are significant. An al-
ternative to low power is that local adaptation is not strong among 
sites within transects. Similarly, valley oak populations may not be 
locally adapted to current climate gradients, but rather past climate 
gradients, as several studies at the rangewide scale suggest a lag in 
local adaptation that may date to the Last Glacial Maximum (Browne 
et al., 2019; Gugger et al., 2013). However, these studies, along with 
field-based trait data, still point to spatial variation in fitness that 
is at least correlated with present climate as well as growth rates 
of progeny of the trees in our study that were grown in a common 
garden (Albarrán-Lara et al., 2015; Browne et al., 2019; Delfino Mix 
et al., 2015). Furthermore, we present evidence that loci significant 

F I G U R E  3   Cumulative importance of allelic change along environmental gradients at the rangewide scale for all SNPs (solid black line), 
LFMM candidates (blue dashed), and sNMF candidates (red dotted). Cumulative importance depicts the amount of allelic change along the 
environmental gradient (see Methods). Y-axes are on the same scale for climate variables but not PCNM1. PCNM, principal coordinate of 
neighbour matrices (spatial variable); AET, actual evapotranspiration; CWD, climatic water deficit; GDD, growing degree-days; Tmax, mean 
maximum annual temperature; Tmin, mean minimum annual temperature [Colour figure can be viewed at wileyonlinelibrary.com] 
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F I G U R E  4   Cumulative importance of allelic change along environmental gradients for each transect (line colours) for all SNPs (solid 
line) versus LFMM candidates (dashed line). Cumulative importance depicts the amount of allelic change along the environmental gradient 
(see Methods). AET, actual evapotranspiration; CWD, climatic water deficit; GDD, growing degree-days; Tmax, mean maximum annual 
temperature; Tmin, mean minimum annual temperature [Colour figure can be viewed at wileyonlinelibrary.com] 

at the rangewide scale exhibit elevated association at the transect 
scale when analysed collectively (see below). 

The genomic context and gene functions of the candidate loci 
vary substantially and include some interesting examples that 
are plausibly related to local adaptation. From rangewide LFMM, 
NIN-like protein 7 modulates nitrate sensing and metabolism, and 

Arabidopsis mutants show enhanced drought tolerance under ni-
trogen starvation (Castaings et al., 2009). An auxin transporter, 
which may be involved in growth regulation, is also implicated. 
From sNMF analysis of the Tejon transect, we find a protein in-
volved in embryogenesis and seed storage protein expression 

(scarecrow-like protein; Hamilton and Tejon), and a putative 

pathogen resistance gene (rust resistance kinase Lr10-like). A pair 

of other disease resistance proteins are also significant in Madera 

and Hamilton, respectively, in LFMM analyses. Pathogen response 

has been suggested as an important mechanism in the diversifica-
tion of California oaks (Cokus et al., 2015) and more broadly in the 

evolution of oaks as long-lived species (Plomion et al., 2018; Sork 

et al., in prep.). Although these functions are based on orthology 

with Arabidopsis genes, they are suggestive of the functional rele-
vance for adaptation in oaks. 

A number of candidate loci in this study overlap with pre-
vious studies in oaks. For example, a protein containing 

methyl-CpG-binding domain (m01oak10601Ct) was associated with 

Tmin in a transcriptome-wide SNP–climate association study of Q. lo-
bata (Gugger et al., 2016) and is an sNMF outlier in this study. Methyl-
CpG has several possible functions in gene regulation or transposon 
silencing and has itself been shown to correlate with environment 
and patterns of local adaptation in valley oak (Gugger, Fitz-Gibbon, 
et al., 2016; Platt et al., 2015). A protein with an F-box domain, which 
can be involved in growth or pathogen defence, showed significant 
population by water stress treatment (~genotype × environment) 
in a gene expression experiment and is about 1.5 kb from another 
significant sNMF outlier (Gugger et al., 2017). Another sNMF SNP 
is 4 kb from the triophosphate isomerase gene (m01oak01126cC), 
which was expressed in a European oak species during bud burst—a 

trait known to be controlled by climate and thought to be under 
selection for local adaptation in oaks (Alberto et al., 2013; Derory 
et al., 2010; Savolainen et al., 2007). Three other candidate genes 
from European species (www.evoltree.eu; (Alberto et al., 2013) are 
near or overlap with significant SNPs in this study: one detected in 
LFMM at the rangewide scale (3.5 kb from m01oak02014cC) and 
one from rangewide sNMF (m01oak02471jC) that functions in em-
bryogenesis, pollen tube growth, and mitochondrial development; 
and one from Tejon sNMF (2.4 kb from m01oak10456CC). However, 
we did not find overlap of significant loci between our study and 

http://www.evoltree.eu
www.wileyonlinelibrary.com
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F I G U R E  5   Mapped patterns of allelic composition (genetic variation) as predicted from transformed environmental and spatial variables 
from gradient forest models based on (a) all SNPs and (b) LFMM candidate SNPs. Within each of these panels, similar colours represent 
similar expected genetic compositions (colours are not necessarily comparable between these panels). Both show moderate north to south 
changes in allelic composition within the sampled area (open points). (c) Procrustes residuals from comparison of (a) and (b) showing that the 
largest differences (redder colour) between putatively adaptive genetic variation and overall variation is in the southeast and select points 
in the north. (d) The first three principal components of climate variation are shown in red, green blue colour scales, respectively, for general 
comparison with mapped patterns of genetic variation and differences in the other panels 

F I G U R E  6   Mapped patterns of allelic composition (genetic variation) as predicted from transformed environmental and spatial from 
gradient forest models based on all SNPs (left) and LFMM candidate SNPs (centre) and the difference between them based on Procrustes 
residuals (right) for the (a) Hamilton; (b) Madera; and (c) Tejon transects. Within each of the left two panels, similar colours represent 
similar expected genetic compositions; colours are not necessarily comparable between these panels. In the third column of panels, larger 
differences between overall genetic variation and putative adaptive variation are redder. The right column of images depicts the first three 
principal components of climate variation. Sample coordinates are shown as open circles 

two recent landscape genomic papers of European oak species Perhaps most interestingly, several SNPs from our study in Q. 
(Pina-Martins et al., 2019; Rellstab et al., 2016). Lack of overlap is lobata overlap with those detected in the Mexican oak, Q. rugosa, 
not surprising because the methods, and thus genomic loci that were using the same GBS protocol and similar association methods 
analysed, varied greatly across studies. (Martins et al., 2018). Six loci are differentiation-based outliers at 
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the rangewide scale in both studies, including a MyB DNA bind-
ing protein (m01oak09781CC); O-fucosyltransferase family pro-
tein (m01oak07807cC); P-loop containing nucleoside triphosphate 

hydrolases superfamily protein involved in nucleotide binding and 

metabolic processes (m01oak09105CC); a hydroxyproline-rich gly-
coprotein family protein that controls plant development and flow-
ering through a signal transduction pathway and is involved in stress 
response and circadian rhythm (m01oak08883CC), and two others 
of unknown function (m01oak06594CC, m01oak52010cC; Table 2). 
A rangewide LFMM candidate is 4.5 kb from an unknown protein 
and is a differentiation-based outlier in Q. rugosa (m01oak45522cC). 
Finally, SNPs within a few hundred bases of a protein kinase 
(m01oak13604CC) are associated with temperature seasonality in Q. 
rugosa and is an sNMF candidate in the Tejon transect in this study. 
The overlap among these species raises the question of whether the 
same loci might be involved in local climate adaptation in different 
congeneric species that inhabit different geographic contexts. 

To the extent that the candidate loci identified in this study are 
adaptive, we cannot say whether these loci would be causally in-
volved in local adaptation at different spatial scales because GBS 
only provides fragmentary evidence of variation along the genome 

and may or may not include the causal variants. Nonetheless, many 
of the significant loci are likely to be in or near causal loci because 
linkage disequilibrium decays rapidly along the oak genome (Sork, 
Squire, et al., 2016). 

4.2 | Natural selection at multiple spatial scales 

A key finding of our analysis is the evidence for selection on some loci 
at multiple spatial scales (Figures 3 and 4; Table 2). When modelling 
SNP–climate associations at the transect scale with SNPs that were 
significant at the rangewide scale, we found six cases of multi-SNP 
association elevated above the background association (Figure 4). In 
Hamilton and Madera, Tmax is especially strongly associated with 
rangewide LFMM candidates, and in Tejon and Madera, the rela-
tionship with CWD (an integrated measure of water availability) is 
particularly strong. Furthermore, in a few cases associations with 
PCNM spatial variables are high, suggestive of exceptionally strong 
spatial structuring or association with unmeasured environmental 
variation that PCNMs might capture (Figure S8; Manel et al., 2010). 
In addition, seven specific loci overlap in the top one hundred LFMM 
associations at both rangewide and transect scales. The functions 
of several genes implicated in multiple spatial contexts also have 
plausible functions for local adaptation. For example, Y-family DNA 

polymerase H (significant in multiple LFMM contexts) catalyses 
reactions in response to damage from ultraviolet light, and several 
genes encode transcription regulators (significant in multiple sNMF 

contexts). The fact that loci, individually and/or collectively, exhibit 
elevated climate associations at multiple spatial scales suggests that 
in general these associations are unlikely to be spurious and unlikely 
to be the product of the stochastic effects of genetic drift (Rellstab 
et al., 2017). 

Significant associations of the same loci at multiple spatial scales 
can reflect independent selective processes on the same loci in each 
context or a global selective process that we have merely detected 
in multiple ways. Our observation that some loci in this study are 
also involved in local adaptation in another oak species (Q. rugosa) 
supports the possibility that parallel adaptive processes are at play 
within Q. lobata. This possibility further raises the interesting ques-
tion of parallel adaptation via different variants at the same causal 
loci or selection on and sorting of the same variants. Most of the 
SNPs analysed are shared across each spatial context, and we found 
a number of cases in which the same SNPs appear significant in more 
than one context (Tables 1, 2, S2, and S6). However, it was not al-
ways possible to compare exactly the same SNPs due to data filter-
ing criteria. In a few cases, we find different SNPs at the same locus 
in different contexts are significant in our tests (Tables 2, S2, and 
S6). The fragmentary nature of GBS data limits our ability to resolve 
this question here, motivating future studies using whole-genome 
sequencing. 

Finally, some SNPs/loci in our study were uniquely identified as 
candidates in only one context or spatial scale (Tables 1 and S3) and 
most of the top 100 SNPs from LFMM differed among geographic 
contexts (Figure 2b; Table S6). Future studies with increased ge-
nomic coverage and increased sampling at the local spatial scales 
will be needed to determine the significance of these differences. 
Broadly, however, our findings suggest the importance of consid-
ering spatial scale and geographic context in evaluating patterns 
of local climate adaptation, consistent with findings in Arabidopsis 
of unique patterns of climate adaptation at various spatial scales 
(Brachi et al., 2013). 

4.3 | Genetic structure and climate association 

The genetic structure of valley oak has been discussed in a number 
of other previous publications, and the patterns in our study mir-
ror the north–south patterns observed in recent papers (Ashley 
et al., 2015; Gugger, Cokus, et al., 2016) more so than the east–west 
observed in earlier studies (Grivet et al., 2006; Gugger et al., 2013; 
Sork et al., 2010). However, a more general northwest to southeast 
pattern is visible (Figures 1 and 5), and we suggest that the different 
markers used in previous studies may have been sensitive to differ-
ent components of this structure. 

In past studies and the present one background genetic structure 
has been shown to be associated with climate variables, probably 
due to the influence of neutral forces such as gene flow that aligns 
with climate gradients (e.g., via flowering phenology) or the influ-
ence of climate on local demographics. As a result, we expected that 
genetic structure-based outliers from sNMF would also probably 

show elevated climate associations. Interestingly, however, sNMF 
candidates are not climate-associated on average beyond the overall 
background association of genetic and climate variation (Figure 3), 
though a few loci are significant in LFMM analyses. In some cases, 
sNMF candidates exhibit elevated associations with spatial variables 
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in the gradient forest analyses (e.g., PCNM1, PCNM2, Figure S8), 
further supporting their exceptionally strong spatial structure and 
offering the possibility of a relationship with unmeasured environ-
mental variables captured by PCNMs. Thus, the sNMF candidates 
might include many false positives reflecting drift-related climate 
association, or they might represent loci that are under diversify-
ing selection by forces unrelated to the climate variables that we 
measured. 

4.4 | Mapping local adaptation 

Mapping putatively adaptive SNPs extends our observations to 

unsampled regions of the species distribution and reveals where 
geographic patterns of adaptive variation deviate from the back-
ground genetic structure (Figures 5 and 6). Putatively adaptive and 
background genetic variation are generally correlated broadly and 
within transects. However, populations in the southeastern portion 
of the distribution, such as the southern Central Valley, as well as 
a few small pockets in the far north and south, show marked de-
viation. Within transects, the patterns are patchy and unique. One 
might posit that these regions are where local climate adaptation is 
particularly strong, which can be tested in ongoing common garden 
experiments (Delfino Mix et al., 2015). Indeed, these regions at the 
rangewide scale represent some of the most extreme climates in the 
distribution. Similar patterns in which climatically unique or extreme 

regions show the strongest deviation of putatively adaptive and neu-
tral genetic variation were also observed in Populus and Q. rugosa 
(Fitzpatrick & Keller, 2015; Martins et al., 2018), though the scale dif-
fers in each study. Collectively, these maps at multiple spatial scales 
highlight the potential importance of these loci in adaptation. More 
generally, the maps of adaptive variation can provide information for 
choosing seed sources for conservation management or other plant-
ing initiatives (Aitken & Bemmels, 2016; Fitzpatrick & Keller, 2015; 
Gugger et al., 2018). 

4.5 | Conclusion 

In conclusion, this study provides evidence of both novel and pre-
viously implicated candidate loci for local adaptation. Many of the 
same loci, and perhaps the same SNPs, may underlie local adapta-
tion at multiple spatial scales or in multiple geographic contexts. 
Candidate SNPs or loci identified in multiple contexts offer strong 
evidence for their importance in local adaptation and point to the 
reuse of the same loci for local adaptation to environment in dif-
ferent regions. Interestingly, the same loci may even be involved 
in local adaptation in different Quercus species, such as Q. rugosa. 
This observation raises the question of whether recurrent mutations 
in the same loci have been independently selected on or whether 

ancestral variation is maintained and selected. On the other hand, 
some SNPs/loci in our study were uniquely identified as candidates 
in only one context or spatial scale, warranting further investigation 

with whole-genome data and common garden evidence to deter-
mine whether these represent false-positives or unique mechanisms 

underlying local adaptation in these contexts. It is likely that whole-
genome sequences would help find even more candidate loci and 
provide greater clarity in answering some of the unresolved ques-
tions in this study. However, this GBS study illustrates that local ad-
aptation may occur through multiple mechanisms. Nonetheless, an 

advantage of a landscape genomic approach is that spatial patterns 
of adaptive genetic variation can be mapped to address fundamental 
questions in evolutionary biology and to facilitate the development 
of conservation strategies that take into account adaptive genetic 
variation. 
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