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Abstract

Population genomic analysis can be an important tool in understanding local adaptation. 
Identification of potential adaptive loci in such analyses is usually based on the survey of a large 
genomic dataset in combination with environmental variables. Phenotypic data are less commonly 
incorporated into such studies, although combining a genome scan analysis with a phenotypic 
trait analysis can greatly improve the insights obtained from each analysis individually. Here, 
we aimed to identify loci potentially involved in adaptation to climate in 283 Loblolly pine (Pinus 
taeda) samples from throughout the species’ range in the southeastern United States. We analyzed 
associations between phenotypic, molecular, and environmental variables from datasets of 3082 
single nucleotide polymorphism (SNP) loci and 3 categories of phenotypic traits (gene expression, 
metabolites, and whole-plant traits). We found only 6 SNP loci that displayed potential signals 
of local adaptation. Five of the 6 identified SNPs are linked to gene expression traits for lignin 
development, and 1 is linked with whole-plant traits. We subsequently compared the 6 candidate 
genes with environmental variables and found a high correlation in only 3 of them (R2 > 0.2). 
Our study highlights the need for a combination of genotypes, phenotypes, and environmental 
variables, and for an appropriate sampling scheme and study design, to improve confidence in the 
identification of potential candidate genes.

Subject areas: Genomics and gene mapping; Molecular adaptation and selection
Key words:  environmental variation, genome scan, local adaptation, phenotypic traits, Pinus taeda (Loblolly pine), potential 
candidate gene
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Within species of large distribution, distinct populations are sub-
jected to various evolutionary processes. Through the influence of 
gene flow, genetic structure among populations often mirrors geog-
raphy (Novembre et al. 2008), such that individuals that are closer 
geographically are usually more genetically similar than individuals 
that are far apart. This leads to the isolation by distance pattern. 
Also, depending on local environmental conditions, distinct popu-
lations can respond to different selective pressures, which leads to 
adaptation to the local conditions (Kawecki and Ebert 2004). Local 
adaptation occurs when individuals from a particular population 
have higher fitness in their home population compared to individu-
als from other populations (McKay et al. 2005).

The detection of local adaptation in the field, which is a major 
goal in evolutionary biology, remains difficult. An ideal situation is 
to be able to show that individuals have higher fitness in their home 
population, and that this higher fitness is genetically driven and her-
itable. Assembling all these criteria is usually nearly impossible how-
ever. Nonetheless, a number of different types of approaches exist for 
studying potentially adaptive variation in natural populations, each 
providing different and independent insights into local adaptation.

Quantitative trait loci (QTL) analyses were developed to study 
the association between phenotypic traits and genotypes, using pedi-
gree information (Kearsey and Pooni 1996; Barrett and Hoekstra 
2011; Neale and Kremer 2011). They allow one to deconstruct the 
proportion of variation in phenotypic traits due to heredity, envi-
ronmental conditions, and, most importantly in a local adaptation 
context, to an interaction between heredity and environmental con-
ditions. However, by comparing genotypic frequency at a suite of 
genetic markers and the variation at a phenotypic trait (i.e., asso-
ciation studies), it is also possible to find markers correlated with a 
phenotypic trait without any pedigree information. These markers 
are either inside of genes or promoters that directly affect the trait, 
or are at linkage disequilibrium with such a gene. Since the early 
2000s, association studies have been a popular method to investigate 
adaptation in tree populations (Savolainen et al. 2007; Aitken et al. 
2008; Rellstab et al. 2015; Pluess et al. 2016), and more specifically 
in wild conifer trees (reviewed in Neale and Savolainen 2004). For 
example, Westbrook et al. (2015) found 16 candidate regulators of 
resin canal number in Loblolly pine, including genes associated with 
oleoresin flow and xylem growth.

The advancement of high throughput sequencing technology 
has allowed the tracking of a large number of loci including neu-
tral and potentially adaptive loci in nonmodel species, with few 
genomic resources (Segelbacher et al. 2010; Schoville et al. 2012). 
Therefore, interest in genome scans, the survey of genetic variability 
across whole genomes or across a large number of loci from distinct 
environments (Luikart et al. 2003; Pritchard et al. 2010) is grow-
ing (Haasl and Payseur 2016; Jensen et al. 2016). In this context, 
genome scan analyses eliminate the need for prior knowledge of 
candidate genes or phenotypes (Bonin et  al. 2007). They offer an 
efficient strategy for identifying loci that are potential targets of 
selection (Gonzalez-Martinez et  al. 2006). The signal of selection 
leading to local adaptation in a species can be inferred in a few 
ways from genome scans, one being a locus, or suite of loci, having 
significantly greater differentiation than expected by chance alone 
(Schoville et al. 2012; Bragg et al. 2015; Rellstab et al. 2015). Loci 
with greater relative differentiation are referred to as outlier loci. 
One of the most popular methods to detect such outlier loci has been 
to compare FST values of individual loci to an expected FST value esti-
mated under neutral demographic models (Beaumont and Nichols 
1996). If the individual locus FST values are significantly higher than 

values estimated under neutral demographic models, this is an indi-
cation that such loci may be located in a gene or physically linked 
to a gene under selection, and we consider such loci to be potential 
candidate genes. There are now many methods available to research-
ers to identify loci with non-neutral divergence from the screening 
of large spatial datasets of individuals or populations genotyped at a 
large number of markers (Manel et al. 2016). Some recent applica-
tions include the identification of domestication and improvement 
genes in cultivated sunflower (Baute et al. 2015) and loci responding 
to spatially varying selection in white poplar (Stölting et al. 2015). 
It is important to acknowledge that confounding effects (genetic 
drift, demography, and background selection, etc.) may produce a 
signal similar to selection, and thus lead to false positives (Schoville 
et al. 2012). It is therefore imperative to account for these confound-
ing effects using analyses specifically designed to do so (Lotterhos 
and Whitlock 2014), and to add additional resources and valida-
tion steps to genome scan analyses (Manel et al. 2016). Specifically, 
adding phenotypic trait data to genomic and environmental data 
in such analyses can support and greatly improve the inference of 
potential candidate genes (Stinchcombe and Hoekstra 2008; Haasl 
and Payseur 2016). The number of studies that have connected 
potential candidate genes inferred through genome scan analysis in 
a meaningful way to phenotypic traits is limited (Jensen et al. 2016). 
The objective of this study is to provide an example analysis that 
fills this gap, and to discuss the advantages and limitations of such 
approaches combining genomic, phenotypic, and environmental 
datasets to detect potential candidate genes.

Materials and Methods

We first used a quantitative genomic association analysis that calcu-
lates the correlation between single nucleotide polymorphism (SNP) 
data and phenotypic trait data to identify SNP loci whose variation 
is strongly associated with variation of phenotypic traits. We then 
compared the identified loci with those inferred to be potentially 
under local adaptation using a population genomic method that uses 
only SNP data to identify loci whose degree of divergence over space 
is distinct from that of loci evolving under neutral conditions. We 
subsequently tested whether loci identified by both methods were 
correlated with environmental variation (see Figure 1 for a concep-
tual description of our approach). Such significant correlations can 
indicate a role of the environmental variation as a selective pressure 
on Loblolly pine throughout its range.

More specifically, using a quantitative genomic association analy-
sis, we first identified SNP loci whose intraspecific divergence dispro-
portionately contributes to phenotypic variation using a redundancy 
analysis (RDA) (these loci are referred to as RDA-outlier loci). We 
considered phenotypic traits that have a potential genetic basis and 
are susceptible to being affected by environmental conditions as 
well, such as traits related to development and resistance to environ-
mental stressors. Next, we applied an FST-based population genomic 
method to identify outlier SNP loci potentially under selection, or 
linked to a locus under selection (referred as FST-outlier loci). We then 
compared the RDA- and FST-outlier SNP loci and kept only those loci 
identified in both analyses, referred to as potential candidate genes. 
We subsequently used linear regression models to assess the associa-
tion between genotypes at these potential candidate genes (detected 
at the individual level) and environmental variation (estimated at the 
level of the county), and we compared the spatial distribution of the 
candidate gene allele frequencies to the spatial distribution of envi-
ronmental variables. Ultimately having genotypes, phenotypes, and 
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environmental variables for a single population or species allows for 
identification of potential candidate genes with more confidence.

Model Species and Previous Knowledge
Loblolly pine (Pinus taeda L.) is native to the eastern United States 
with a range spanning 370 000 km2 (Schmidtling 2001), from 
Delaware to Texas. The large geographic range of this species 
exposes individuals to substantial environmental variation. Previous 
studies have identified geographic variation in genetic structure 
(Segelbacher et al. 2010), disease resistance (Dorman 1976), second-
ary metabolites (Squillace et al. 1980), growth form (Dorman 1976), 
and tolerance to aridity (Eckert et al. 2010a, 2010b) in Loblolly pine. 
In addition, 2 previous range-wide landscape genomic studies have 
been conducted on this species, using a large SNP genotype data set 
(Eckert et al. 2010a, 2010b). These studies correlated SNP genotype 
data at the individual level to environmental variables summarized at 
the county level. Eckert et al. (2010a, 2010b) also found population 
genetic structure corresponding to 3 geographic clusters: the Atlantic 
Coast extending from Florida to Virginia, along the Gulf Coast 
(Mississippi and Alabama), and west of the Mississippi (Louisiana, 
Texas, and Arkansas). However, these previous landscape genomic 

studies did not attempt to correlate variation at SNP markers with 
variation at phenotypic traits. Here, we used the same SNP dataset 
in our study, along with phenotypic data obtained from the same 
individual trees, as a case study to investigate association between 
SNP, phenotypic, and environmental data.

Sample Collection, SNP Data, and Quantitative 
Traits Loci
We used published genomic data from a total of 283 Loblolly pines, 
as described by Eckert et al. (2010a, 2010b). They collected needle 
tissue samples over the species’ natural range in the southeastern 
United States (Figure 1b), in 86 counties, with 1 to 11 individual 
trees sampled in each county. Unfortunately, precise geographic 
coordinates of samples were not available, and for that reason we 
were unable to perform any analysis of spatial variation in our study. 
Eckert et  al. (2010b) isolated total genomic DNA from each nee-
dle tissue sample at the USDA National Forest Genetics Laboratory 
(NFGEL, Placerville, CA) using DNeasy Plant Kits (Qiagen, Valencia, 
CA). They then selected one SNP from each of 3082 sequence frag-
ments obtained through RADSeq (Davey and Blaxter 2010), to avoid 
problems related to linkage disequilibrium among SNP markers.

Figure 1. Summary of approaches used in this study to find loci relevant to local adaptation of Pinus taeda throughout its range in the southeastern United 
States: (A) Photograph of a P. taeda individual (taken by Andrew J. Eckert). (B) Map of southeastern United States, showing locations of the 86 counties where 
P. taeda samples were collected (Created with ArcGIS v10.3, ESRI, Redlands, USA). (C) Data available from the dataset of 283 P. taeda sampled individuals. (D) 
Schematic summarizing the 2 different approaches we used to discover loci linked or related to genes involved in local adaptation.
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For the individual trees represented in the SNP dataset of Eckert 
et al. (2010a, 2010b), we collected information from 3 phenotypic 
trait categories: expression levels at genes related to lignin and cel-
lulose (gene expression), primary and secondary metabolite concen-
tration (metabolites), and drought tolerance and disease resistance 
(whole-plant traits). Authors of several studies collected the pheno-
typic trait data. First, Palle et al. (2011) mapped the expression of 
111 genes involved in the production of lignin, which has impor-
tant consequences for tree growth and survival (Palle et al. 2011) 
for 246 trees (87% of the trees in the SNP dataset; between 1 and 
10 per county). We used these gene expression data, along with the 
SNP genotypic data for the same individual trees, in our study as a 
first dataset (referred to as EXP for ease of reference). We expected 
differences in gene expression in the Loblolly pine in response to 
environmental differences, as suggested by Palle et  al. (2011). We 
also expected some of these differences to be driven by a genetic 
response (Gibson 2008; Whitehead et al. 2011). Second, Eckert et al. 
(2012) measured the concentration of 292 types of metabolites from 
wood tissue using established or repeatable spectra (e.g., basic sugars 
and sugar derivatives, lipids, etc.), resulting from a diversity of cellu-
lar processes or being putative secondary compounds, for 224 trees 
(79% of the trees in the SNP dataset; between 1 and 11 per county). 
We used metabolite data, along with SNP genotypic data for the 
same individuals, as a second dataset (referred to as MET for ease 
of reference). We expected the variation in metabolites to have an 
underlying genetic component and also to be related to the environ-
ment (Chan et al. 2010). Lastly, Cumbie et al. (2011) measured root 
biomass, length of the pitch canker (a diseased part of the tree caused 
by the fungus Fusarium circinatum; Quesada et al. 2010), nitrogen 
and carbon isotope discrimination, foliar nitrogen concentration, 
and total height after 2 growing seasons (see Cumbie et al. 2011, 
for complete protocol), for 242 trees (86% of the trees in the SNP 
dataset; between 1 and 11 per county). These traits give a broad idea 
of growth in each individual, and thus are considered together as 
whole-plant traits. We used whole-plant trait data, along with SNP 
genotypic data for the same individuals, as a third dataset (referred 
to as WPT for ease of reference). Cumbie et al. (2011) demonstrated 
that nitrogen and carbon isotope discrimination have nonzero herit-
abilities. We expected growth to vary depending on local tempera-
ture and precipitation throughout the range of the Loblolly pine, and 
to have a genetic component. We thus conducted a separate analysis 
using each of the 3 different datasets that combined measurement 
from a particular phenotypic trait category with corresponding SNP 
data on individual trees (EXP, MET, and WPT). All the analyses were 
conducted at the individual level.

Quantitative Genomic Association Analysis:  
RDA-Outlier Detection
We used a principal component analysis (PCA) to reduce the num-
ber of genotypic variables, separately for each genotypic dataset 
(EXP, MET, and WPT). We reduced the count of the dataset’s least 
common allele in each individual (either 0, 1, or 2)  for all of the 
3082 SNP loci to a number of principal components (PCs) govern-
ing the majority of the variation observed in the genetic data. We 
applied the prcomp function in the stats package in R (version 3.1.0, 
R Development Core Team, Vienna, Austria) with the standardized 
option for genotypic data. We selected the 50 PCs with the highest 
eigenvalues. Including fewer PCs lessens the representativeness of 
each variable and including more PCs reduces the amount of degrees 
of freedom used in further analyses. We refer to PCs generated with 

genotypic data as genotypic PCs. We compared the explained vari-
ation of each genotypic PC with that predicted by the Broken Stick 
model (i.e., explaining more variation than expected by chance), by 
using the PCAsignificance function in the BiodiversityR R-package 
(Kindt 2016).

We tested the effect of genotypic variables (i.e., genotypic PCs) 
on each type of phenotypic trait (i.e., gene expression, metabolite, 
and whole-plant), each of which is itself composed of multiple vari-
ables (Methods section). We applied the RDA, a direct extension of 
multiple regression for multivariate response data (Legendre and 
Gallagher 2001), with the rda function in the vegan package; Dixon 
2003) in R (version 3.1.0, R Development Core Team), separately to 
each of the 3 datasets corresponding to each type of phenotypic trait 
(EXP, MET, and WPT). The RDA accounts for multiple response 
variables in the analysis: it allows one to determine the effect of 
the total genotypic variation on each type of phenotypic trait as a 
whole. We attributed to each individual tree/genotype a value of 1, 
2, or 3 corresponding to each of the 3 previously identified genetic 
clusters in Eckert et al. (2010b), and used that variable as a condi-
tioning factor in each RDA. This corrects for the confounding effect 
of population structure in the 3 RDA analyses. Finally, we used a 
global permutation test (9999) on response values to determine if 
some individual genotypic PCs, rather than all of them, significantly 
explain the response variables (α = 0.05) in each of the RDA analy-
ses. The procedure also computes an R2 between the fitted values of 
the model, for each genotypic PC, and the randomized response val-
ues. This test is implemented in the vegan R-package (Dixon 2003) 
under the envfit function. For each genotypic PC found to have a 
significant effect on the response variables in each of the RDAs, we 
returned to the initial genotypic PCA to extract SNP loci in the tails 
of the distribution of genotypic PC loadings. We extracted the loci 
loaded in the 2.5% and the 97.5% quantiles of the axis. We referred 
to those loci as RDA-outlier loci.

Population Genomic Analysis: FST-Outlier Detection
We applied Bayescan v2.1 (Foll and Gaggiotti 2008), which uses 
a Bayesian logistic regression approach to find loci with the most 
marginal FST while correcting for spatial genetic structure. Bayescan 
assumes a model in which subpopulation allele frequencies are cor-
related, through a common migrant gene pool from which they dif-
fer in varying degrees, thus taking differentiation due to geographic 
distance into account. We used default parameters for the chain and 
the model. It is important to acknowledge that even using the default 
prior odds of 10:1, which is intended to reduce the rate of false posi-
tives, can still produce a notable false positive rate (Lotterhos and 
Whitlock 2014). We conducted the analysis using counties as popula-
tions; to account for finer genetic structure than can be found among 
genetic clusters. We conducted 3 separate analyses in Bayescan, each 
time using the genetic data that correspond to 1 of our 3 phenotypic 
datasets. We used Q values, which correct for false discovery rate 
(Storey 2003) and that were calculated directly in Bayescan, as an 
alternative to P values. We extracted loci with Q values that are 
lower than 0.1,and we referred to such loci as FST-outlier loci.

Overlap between FST-Outlier Loci and RDA-Outlier  
Loci
We then compared the list of the FST-outlier loci with the list of RDA-
outlier loci to identify any overlap. We can be fairly confident that 
any loci that are identified by both methods are in a gene, or are 
physically linked to a gene, that is under selection and triggering a 
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fitness related phenotypic response in the Loblolly pine. We named 
these loci potential candidate genes.

Overlaying Spatial Distribution of Potential 
Candidate Genes on County-Level Environmental 
Variation
We used the same environmental variables as in Eckert et  al. 
(2010a, 2010b). As variation within counties has been shown to 
be small (Eckert et al. 2010b), we used averaged values for each 
of the 86 counties. The dataset of Eckert et  al. (2010a, 2010b) 
includes 58 climatic variables, obtained from the PRISM Group 
(Oregon State University), yielding monthly minimum and maxi-
mum temperature and precipitation, and averaging data from 
years in the time period between 1971 and 2000. Eckert et  al. 
(2010a, 2010b) constructed 2 additional variables using climate 
and elevation data. First, they calculated the accumulated grow-
ing degree-days above 5  °C on a monthly basis according to 
Rehfeldt (2006), and secondly, they calculated the aridity index 
on a monthly basis according to Eckert et al. (2010a). An in-depth 
description of all environmental variables is available in supple-
mentary files (Supplementary Table 1).

We reduced the number of environmental variables with a 
PCA to a few main principal components governing the majority 
of the environmental variation observed in the data. We selected 
all PCs with an eigenvalue larger than 1 in the analysis, so that all 
variables account for as much variance as a typical variable (see 
Kachigan 1991, for additional details). We performed all analyses 
with the prcomp function in the stats package in R (version 3.1.0, R 
Development Core Team). We refer to PCs generated with environ-
mental data as environmental PCs.

Finally, we applied a linear univariate regression analysis, using 
the lm function in R (version 3.1.0, R Development Core Team), 
between the frequency of the least frequent allele among individu-
als within each county (referred to as minor allele frequency, or 
MAF), for each locus, and environmental values for each county, 
for each environmental PC. We derived adjusted R2 from each lin-
ear regression analysis (i.e., for each locus and environmental PC 
combination). We then compared the adjusted R2 values obtained 
for potential candidate genes (detected with previous analyses) 
that show an adjusted R2 higher than 0.1, to the distribution of the 
adjusted R2 of the other (noncandidate) loci by calculating their per-
centile rank, to check that the higher adjusted R2 values for the can-
didate genes were not obtained by chance. Finally, we reported the 
distribution of the MAF of each candidate gene, and of the environ-
mental PC that explains it the most (highest adjusted R2 value), on 
a geographic map of the study’s counties (Figure 3). This procedure 
allowed for a visual comparison of allelic frequencies of candidate 
genes and environmental variation.

Results

Quantitative Genomic Association Analysis
All 50 selected genotypic PCs for each genotypic dataset (EXP, 
MET, and WPT) explained more variation than predicted by 
chance. Results from the RDA analysis showed a significant effect 
(α  =  0.05) of genotypic variation on phenotypic data relative to 
the gene expression variables (EXP), while no significant effect 
was observed on the 2 other datasets (MET and WPT) (Table 1; 
Supplementary Figure 1). Using the same RDA analysis scores, we 
wanted to know if some genotypic PCs, rather than all of them, had 

a significant relationship (α = 0.05) with phenotypic trait variation, 
when corrected for genetic structure. The RDA analyses detected a 
total of 11 genotypic PCs significantly associated with a single trait 
dataset, or 2 of them, but none with all 3 of the phenotypic trait 
datasets (Table 2). We found 4 genotypic PCs significantly related to 
gene expression (EXP dataset), 3 to metabolite (MET dataset), and 
6 to whole-plant traits, respectively (WPT dataset) (Table 2). Loci 
loaded in those genotypic PCs can be associated with candidate 
genes. Most of the R2 values were very low (85% were <0.1), dem-
onstrating that the majority of loci loaded in the axis of each geno-
typic PC only show a weak correlation, indicating most loci loaded 
in each genotypic PC probably have minimal or no effect on genes 
related to phenotypic traits. We detected 624 SNP loci in the EXP 
dataset (or about 20.2% of all analyzed loci), 468 SNP loci in the 
MET dataset (or about 15.2% of all analyzed loci), and 936 SNP 
loci in the WPT dataset (or about 30.4% of all analyzed loci) fall-
ing within the 2.5% and the 97.5% quantiles of the distribution of 
genotypic PC axis loadings. We refer to those loci as RDA-outliers.

Population Genomic Analysis
We found only approximately 0.6% of all loci had FST values that 
allowed them to be identified significantly as outliers (19 SNP loci 
total): 13 of these were in the gene expression dataset, 3 were in the 
metabolites dataset, and 3 were in the whole-plant traits dataset. We 
refer to those outlier loci as FST-outliers.

Overlap between FST-Outlier Loci and RDA-Outlier  
Loci
We found 5 SNP loci that were identified as both RDA- and FST-
outliers with the EXP dataset (Figure  2a), and 1 locus that was 
identified as both an RDA- and FST-outlier with the WPT dataset 
(Figure 2c). However, we found no SNP locus that was identified 
as both RDA- and FST outlier with the MET dataset (Figure  2b). 
Overall, we found a total of 6 SNP loci that were detected as both 
types of outliers, referred to as potential candidate genes. They are 
listed, with their annotations, in Table 3. For reference, we assigned a 
name to each 1 of those 6 potential candidate genes. Since no anno-
tation has been given to 4 of those candidate genes, we referred to 
them using the dataset in which they were identified (i.e., wpt for the 
only SNP locus identified from the WPT dataset, and exp1-5 for the 
5 SNP loci identified from the EXP dataset).

Relationship between Potential Candidate Genes 
and Environmental Variation at the County Level
From the PCA analysis on the environmental variables, we selected 
PCs with an eigenvalue larger than 1, so that all variables explain 

Table 1. Results of the RDA used in the study’s quantitative asso-
ciation analysis—Fisher’s F, degree of freedom (df), P value (bold 
for significant values at α = 0.05) and R2—on the effect of genotypic 
variation and genetic structure on 3 types of phenotypic traits: 
gene expression, metabolites, and whole-plant traits, in Loblolly 
pine (Pinus taeda) throughout its range in southeastern United 
States

Gene expression Metabolites Whole-plant traits

F 1.200 0.973 0.980
df 50 50 50
P 0.004 0.781 0.571
R2 0.040 −0.006 −0.005
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more variance than a typical variable (Kachigan 1991). We thus 
selected 5 environmental PCs that explain 96.2% of the total vari-
ance. We named the first PC “Temperature,” because it represents 
most of the variation in mean monthly maximal and minimum tem-
perature, and growing degree-days above 5 °C (GDD5). We named 
the second PC “Humidity” because it mainly represents mean 
monthly precipitation and aridity index. The third PC represents 
some variation in summer (June–September) mean monthly maxi-
mal and minimum temperature, aridity index and precipitation, 
and we thus named it “Summer.” The fourth PC mainly represents 
mean monthly precipitation and aridity index, and we thus named 
it “Humidity2.” The fifth PC represents summer mean monthly 
minimum temperature, and summer and winter mean GDD5, and 
we thus named it “Temperature2.”

MAF of potential candidate genes wpt, exp1, exp2, exp3, and 
exp5 had the strongest correlation with the “Humidity” environ-
mental PC (wpt R2 = 0.061, P = 0.014; exp1 R2 = 0.303, P < 0.001; 
exp2 R2  = 0.208, P  < 0.001; exp3 R2  = 0.234, P  < 0.001; and 
exp5 R2  =  0.033, P  =  0.054; Table  3), and MAF of candidate 
locus exp4 had the strongest association with the “Humidity2” 
environmental PC (R2 = 0.045, P = 0.031). An overlay between 
genotypic variation of each candidate locus and environmen-
tal variation can be viewed in Figure 3. Three loci (exp1, exp2, 
and exp3) had an R2 over 0.1 (P < 0.001) with the “Humidity” 
environmental PC. Also, their adjusted R2 values were all in the 
99th percentile rank, when compared to the adjusted R2 values 
of all noncandidate loci when regressed against the “Humidity” 
environmental PC. Finally, geographic areas with extreme MAF 
values mostly also have extreme environmental values, for these 
3 loci (Figure 3).

Discussion

Global Effect of Genotypic Variation on 
Phenotypic Traits
Using our global RDA analysis, we found a significant relationship 
between genotypic variation and gene expression involved in lignin 
development. However, using the same analysis, we did not find an 
association between genotypic variation and primary and secondary 
metabolite concentration (metabolite data), nor between genotypic 
variation and root biomass, nitrogen and carbon isotope discrimi-
nation, foliar nitrogen concentration, total height after 2 growing 
seasons, and resistance to F. circinatum (whole-plant trait data).

Those results support previous studies showing that gene expres-
sion involved in lignin development is strongly determined by genotype 
(Gibson 2008; Whitehead et al. 2011). Another study also detected an 
effect of the environment on gene expression traits (Palle et al. 2011) 
suggesting that they can potentially be involved in local adaptation.

The lack of association with metabolite concentration is surpris-
ing, as many significant associations between metabolite concentration 
and genotypic variation have been observed (Eckert et al. 2012), and 
thousands of QTLs affecting one or more metabolites were found in 
Arabidopsis thaliana (Chan et al. 2010). Likewise, many studies have 
found loci associated to whole-plant trait phenotypes (Quesada et al. 
2010; Cumbie et al. 2011; Eckert et al. 2013). For example, 15 QTLs 
were associated with resistance to Pucinia hordei in Australian barley 
(Ziems et al. 2014), and 69 QTLs were associated with oil-filling rate 
in soybean seed (Jiang et al. 2010). It seems that either the method 
we employed is not sensitive to the true underlying architecture of 
whole-plant and metabolite traits, or that the relationship between 
whole-plant and metabolite traits and genotype is not a linear one.

Figure 2. Venn diagrams showing overlap between outlier SNP counts from the genome scan Bayescan approach (left) and the RDA on each of the 3 measured 
phenotypic traits (right): (A) gene expression data, (B) metabolite data, and (C) whole-plant trait data, in Loblolly pine (Pinus taeda) throughout its range in 
southeastern United States.

Table 2. Regression parameters—P value and R2—for each significant (at α = 0.05, ns = non significant) genotypic principal component 
(PC) variable in the 3 redundancy analyses of the study’s quantitative association analysis, on the effect of genotypic variation and genetic 
structure on 3 types of phenotypic traits: gene expression, metabolites, and whole-plant traits, in Loblolly pine (Pinus taeda) throughout 
its range in southeastern United States

Genotypic PC variable Gene expression Metabolites Whole-plant traits

R2 P R2 P R2 P

PC5 — ns 0.039 0.013 0.032 0.043
PC12 — ns — ns 0.071 0.001
PC16 — ns — ns 0.052 0.005
PC17 — ns — ns 0.058 0.003
PC18 — ns — ns 0.033 0.037
PC19 0.036 0.015 — ns — ns
PC24 0.027 0.046 — ns — ns
PC28 0.103 <0.001 0.062 0.001 — ns
PC30 0.036 0.015 — ns — ns
PC41 — ns — ns 0.057 0.003
PC45 — ns 0.125 <0.001 — ns
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Two potential reasons for a lack of relationship between geno-
typic variation and metabolite and whole-plant traits in our study 
are 1) unaccounted genes, and 2) coarse resolution in geographical 
sampling. The 3082 sequence fragments (on average of 500 bp each) 
used to generate this study’s SNP loci represent roughly 0.00007% 
of its entire genome (22 Gb; Zimin et al. 2014). Maximizing genetic 
resolution in a dataset is important to capture most or all recombi-
nation events that happened in the evolutionary history of a species 
(Myles et al. 2009). In addition, an inappropriate sampling scheme 
consisting of few individuals across a very large spatial scale (here 
we had sampled 283 individuals from 86 sites across a roughly 
1 000 000 km2 study area), even through the use of a large num-
ber of SNP markers, can reduce the power of association analyses. 
Studies on large spatial scales are more likely to detect variation and 
the relevant underlying genes (Brachi et al. 2011). But, because of a 
trade-off between spatial scale versus local sample size and spatial 
resolution of sampling, the statistical power to detect if any of those 
genes are under selection is often reduced.

RDA- and FST-Outlier Loci
SNP loci related to the same genotypic PCA axis reflect loci associ-
ated with the same linear combination of allelic frequency variables. 
We found only 4, 3, and 6 genotypic PCA axes that were significantly 
associated with gene expression, metabolites, and whole-plant trait 
variation, respectively. Loci strongly associated to the axes of geno-
typic principal components significantly explaining phenotypic vari-
ables (RDA-outlier loci) are likely linked or related to genes causing 
variation in a phenotypic trait observed in our dataset. RDA associa-
tion analysis was done over genotypic PCs, rather than individual 
loci. A specific genotypic PC can have a significant relationship with 
a phenotypic trait, but there is the potential that just a small fraction 
of the loci in the PC are actually influencing the relationship. For 
that reason, we used an independent approach to confirm identi-
fied RDA-outlier loci. We subsequently ran a Bayesian genome scan 
approach and found a total of 13, 3 and 3 FST-outlier loci, respective 
to datasets on gene expression, metabolites, and whole-plant traits. 
Bayescan is known to have moderate power and a moderate false 
discovery rate, in most simulation scenarios, as compared to other 

genome scan approaches (de Villemereuil et al. 2014). However, it 
is important to note that not all causative loci have an unusually 
large FST (Le Corre and Kremer 2003), and genome scan methods 
based on FST variation can miss a large proportion of loci that are 
experiencing local adaptation, but whose FST variation is undistin-
guishable from neutral loci. Additionally, we executed the RDA and 
Bayescan analyses considering different spatial scales. Whereas we 
conditioned RDA analyses with previously identified genetic clusters, 
we executed Bayescan analyses with reference to the counties. This 
procedure allows us to investigate 2 different levels of differentia-
tion that can occur within the study area, and can further prevent 
identification of outlier loci due to processes other than selection. 
However, our ability to detect potential candidate genes may have 
been limited to those markers that are very variable and are of very 
large effect, due to the scale of the study. The 6 potential candidate 
genes identified by both types of analyses may be linked or related to 
genes that contribute to local adaption across the range of Loblolly 
pine. However, it is important to understand that the only way to 
obtain a solid cause-and-effect relationship would be to execute a 
controlled experiment (such as in McDermott et al. 2009).

Effect of the Environment on Outlier Loci
We attempted to correlate SNPs (data obtained at the individual 
level) with environmental variables (data obtained at the county 
level) after detection of outlier loci, rather than prior to detection 
of such loci, to address problems of lack of concordance in resolu-
tion between the genotypic and environmental datasets (Joost et al. 
2008), which affects the precision of the modeling, possibly leading 
to false discovery. Such correlations, indicating a variation of allele 
frequency with different environmental conditions suggest potential 
local adaptation. We found a strong relationship between 3 candidate 
genes and an environmental variable, “Humidity.” Geographic vari-
ation of genotypes at these 3 loci qualitatively also corresponds well 
with geographic variation of the “Humidity” environmental variable. 
The exp1 locus is linked or related to a gene with a known function, 
which in corn (Zea mays) codes for a transcription factor regulating 
root and shoot growth. A study on growth in Loblolly pine seedlings 
in 4 locations differing in growing season temperature (from 17.6 

Table 3. Annotation and linear regression parameters—R2 and P—for each environmental principal component (PC) as a separate explana-
tory variable, for each potential candidate gene, in Loblolly pine (Pinus taeda) throughout its range in southeastern United States

Potential candidate 
gene

0-4834-01 (wpt) CL2327 
Contig1-02 (exp1)

0-12076-01 
(exp2)

CL528 
Contig1-04 (exp3)

UMN5299-01 
(exp4)

0-16138-01 
(exp5)

Annotation Unknown Transcription 
factor regulating 
root and shoot 
growth

Hypothetical 
protein

Unknown Importin alpha 
re-exporter

Unknown

Regression parameters R2 P R2 P R2 P R2 P R2 P R2 P

Environmental PC1 
(“Temperature”)

0.021 0.100 0.049 0.025 0.111 0.001 0.033 0.055 0.002 0.280 <0.001 0.458

Environmental PC2 
(“Humidity”)

0.061 0.014 0.303 <0.001 0.208 <0.001 0.234 <0.001 0.040 0.039 0.033 0.054

Environmental PC3 
(“Summer”)

<0.001 0.482 <0.001 0.335 <0.001 0.964 <0.001 0.559 <0.001 0.489 <0.001 0.858

Environmental PC4 
(“Humidity2”)

0.013 0.150 0.057 0.017 0.018 0.116 0.076 0.007 0.045 0.031 0.006 0.228

Environmental PC5 
(“Temperature2”)

0.024 0.086 0.053 0.020 <0.001 0.870 <0.001 0.305 <0.001 0.345 0.021 0.099

Bold values represent “P ≤ 0.05.” 
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to 26.3  °C), daily vapor pressure deficits (from 0.39 to 0.47 kPa), 
and photosynthetic photon flux density (from 38.12 to 44.96 mole/
day) found significant differences in final mean component biomass 
of shoots, roots and leaves (Nedlo et  al. 2009). Another study on 
Loblolly pine by Torreano and Morris (1998) found that availability 
of soil water was a strong determinant of root growth. In different 
treatments characterized by different soil water content, the treatment 
with the least amount of soil water resulted in a 41% root growth 
reduction, compared to the treatment with water content at near 
field capacity. These results suggest that allocation to root growth 
is likely impacted by aridity. Also, about 2445 genes were shown to 
up-regulate in response to severe drought stress in roots (Lorenz et al. 
2011). Therefore, we argue that Loblolly pine from areas subjected 
to different climatic conditions harbour alleles coding for transcrip-
tion factors that are fine-tuned for local climatic conditions. We also 
found a weak relationship between exp4 and an environmental PC, 
“Humidity2.” The locus exp4 is related or linked to a gene coding for 
importin alpha re-exporter, which is a protein putatively involved in 
transport of proteins from the nucleus to the cytoplasm (Kutay et al. 

1997). However, a link between the gene’s function and local adap-
tion in Loblolly pine is unclear at the moment. Finally, a common 
limitation in studies on local adaptation is the scale of measurement 
in climatic variables (Schoville et al. 2012). Reducing the amount of 
time and space between measurements would give us a better approx-
imation of how climate is affecting local processes. High resolution 
remotely sensed data is currently uncommon, though in the future is 
likely to be more widely available. Using an appropriate study design 
consisting of phenotypic, genotypic, and environmental data meas-
ured at the individual level promises much stronger inference of tar-
gets of selection in wild tree populations.

The Use of Phenotype in Studies on Local 
Adaptation
The first step of an investigation of genetic markers that may signal 
local adaptation is usually to determine if some loci in a dataset 
are correlated with local habitat or climatic conditions (Eckert et al. 
2010a; Paris et  al. 2010; Poncet et  al. 2010; Nunes et  al. 2011). 
While population genomics can give us valuable clues for which 

Figure 3. Geographic map of the study’s counties, represented with several shades of grey corresponding to 5 minor allele frequency (MAF) value classes, for 
each of the study’s 6 potential candidate genes: (A) 0-4834-01, (B) CL2327Contig1-02, (C) 0-12076-01, (D) CL528Contig1-04, (E) UMN5299-01, and (F) 0-16138-01, 
in Loblolly pine (Pinus taeda) throughout its range in southeastern United States. The values of the environmental PC having the strongest effect on the MAF of 
each locus are represented as a background gradation calculated with inverse distance weighting interpolation, using QGIS v2.12.0 (QGIS Development Team, 
Lyon, France). The map was created with ArcGIS v10.3 (ESRI, Redlands, USA).
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genes are of ecological relevance, a more specific approach, using 
phenotype, can indicate which genes may be associated with fitness-
related phenotypic traits, such as in using QTLs (Shaw et al. 2007; 
Lacaze et al. 2009; Du et al. 2016; McCouch et al. 2016). Few stud-
ies to date have considered both approaches together using a single 
set of samples (but see Hancock et al. 2011), probably because phe-
notypic data are not always easy to quantify. Our study is one of 
the few that considers a population genomics association approach 
along with a genotype–phenotype association analysis and environ-
mental covariates in a tree species. The next step in this conceptual 
progression will inevitably consist in measuring fitness associated 
with different values of phenotypic traits from several local condi-
tions (Salazar-Ciudad and Marín-Riera 2013), and comparing fitness 
of all possible genotypes (Hietpas et al. 2011).

Supplementary Material

Supplementary material can be found at http://www.jhered.oxford-
journals.org/.
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