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CONGRUENT CLIMATE-RELATED GENECOLOGICAL RESPONSES FROM MOLECULAR
MARKERS AND QUANTITATIVE TRAITS FOR WESTERN WHITE PINE
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Analyses of molecular and quantitative genetic data demonstrate the existence of congruent climate-related
patterns in western white pine (Pinus monticola). Two independent studies allowed comparisons of amplified
fragment length polymorphism (AFLP) markers with quantitative variation in adaptive traits. Principal component
analyses were conducted on seedling traits in common gardens collected from 58 sites; principal coordinate analyses
were conducted on AFLP data from 15 sites. Collection site eigenvector means were regressed on 35 climate
variables to produce a genecological prediction for each data set. Both predictions explained a large percentage
(>70%) of the genetic variation from the first eigenvector from similar predictors involving the interaction growing
season precipitation and temperature. Both predictions were significant (P < 0:01), and projected genecological
maps were largely congruent. The predominant pattern from the first eigenvector was two major groups, a northern
and a southern, connected by a steep cline across the crest of the southern Cascade Range of Oregon. This cline was
associated with growth potential in the adaptive traits. These results suggest that divergent climatic selection has
influenced phenotypic traits associated with growth. Furthermore, the congruence of AFLPs suggests a linkage
between some loci and genomic regions under selection and/or climatic influences on postmating reproductive
success.
Keywords: adaptive traits, AFLP, divergent selection, ecological genetics, genome scan.
Online enhancements: appendix figures.

Introduction

postglacial colonization in forest tree species (Richardson
et al. 2002; Petit et al. 2003; Godbout et al. 2005). However,
increased resolution of molecular markers throughout the genome and new analytical approaches offer researchers better
opportunities to identify loci with a putative signal of selection from the background of neutral variation shaped by demographic processes (reviewed in Storz 2005; Vasemagi and
Primmer 2005; Biswas and Akey 2006).
Forest trees are amenable for using molecular markers to
elucidate adaptive variation, largely because no domestication
has occurred in many tree species and because numerous
quantitative genetic studies of tree species have been performed (Neale and Savolainen 2004; González-Martı́nez et al.
2006). Furthermore, genetic variation in adaptive traits can be
predicted from climate (Rehfeldt et al. 2001; St. Clair et al.
2005). These climate variables can be estimated from climate
modeling at the spatial resolution and extent required for genetic analyses (McKenney et al. 2001; Hijmans et al. 2005;
Rehfeldt 2006). Together, these approaches allow spatially explicit, climate-based predictions of adaptive genetic variability
(Rehfeldt 2004; St. Clair et al. 2005).
Western white pine (Pinus monticola Dougl. ex. D. Don) is
widely distributed over heterogeneous environments of western North America. In the Rocky Mountains, western white
pine is a dominant seral species of mesic, montane forests. To
the west in the Cascade Range, it is a minor, seral component

Widely distributed forest tree species are subjected to an array of environmental stresses that shape adaptation. Climatic
adaptation was first demonstrated in forest trees by Langlet
(1936), who showed that populations of forest trees exhibit
clinal variation in growth and survival traits that parallel climate gradients. Since then, quantitative genecology—associating
genetic responses to environment by measuring quantitative
traits in common gardens—has been demonstrated in numerous broadly distributed plant species and is critical to understanding climatic adaptation (reviewed in Aitken et al. 2008).
Comparisons between adaptive traits and molecular markers have typically shown contrasting genetic patterns in
forest trees (Karhu et al. 1996; Jaramillo-Correa et al. 2001;
Garcı́a-Gil et al. 2003) as well as other organisms (Reed and
Frankham 2001). Because molecular markers, such as amplified fragment length polymorphisms (AFLPs) and microsatellites, are generally driven by nonselective forces associated
with demographic processes, such disparities are not surprising. These neutral characteristics have made molecular markers valuable for inferring biogeographic and demographic
processes caused by the impacts of glaciation and subsequent
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of forests ranging from low elevation to subalpine. In these
mountain ranges, western white pine is known for its rapid
growth, which made it a desirable timber species. In the
southern Cascade Range, Siskiyou Mountains, and Sierra Nevada, it is typically a minor component of upper montane
and subalpine forests; however, in the Siskiyous, it also occupies the harsh sites on serpentine soils at lower elevations
(Franklin and Dyrness 1973; Griffin and Critchfield 1972).
Genecology of western white pine is well documented with
quantitative traits (Rehfeldt et al. 1984; Campbell and Sugano
1989; Meagher and Hunt 1998). This species has been described as a generalist with weak patterns of quantitative trait
variation among seed sources from a broad range of elevations
(Rehfeldt et al. 1984). However, two distinct geographical patterns in quantitative traits have been noted: seed sources north
of 45°N latitude had high growth potential and low tolerance
to cold, those sources south of 41°N had low growth potential
and high cold tolerance, while those from a transitional region
exhibited a steep cline (Rehfeldt et al. 1984). A subsequent
common garden study focusing on this transitional area and
the northern Cascade Range found similar geographic patterns,
but growth potential patterns were apparently influenced by the
crest of the Cascade Range in southern Oregon. Seed sources
from west of the crest exhibited a high growth potential, while
those from the east had a low growth potential (Campbell and
Sugano 1989).
Our study uses climate variables in genecological models
to compare molecular and quantitative genetic patterns. We
use two independently sampled genetic data sets from western white pine, one of adaptive traits (Rehfeldt et al. 1984)
and another of AFLP markers. The aim of this study is to
elucidate climate-based genetic variation by the (1) development of genecological models from principal components and
principal coordinates analyses that describe climate-related genetic variation across the species distribution, (2) identification
of climate variables important in shaping western white pine
genetic variation, (3) comparison of molecular and quantitative genecological predictions, and (4) evaluation of AFLP loci
for a putative selective signal by using a genome scan followed
by regression of locus frequencies with the genecological prediction. Finally, we discuss two hypotheses for the observed
patterns in AFLPs that are directly or indirectly influenced by
natural selection.

Material and Methods
Molecular Genetic Data
Bud and needle tissues were collected from typically old
growth trees (i.e., >75 yr) in each of 15 natural collection sites
of western white pine (fig. 1). Between 18 and 29 samples
were analyzed per collection site. The fresh tissue was used to
extract DNA using Qiagen plant DNA extraction kits. AFLP
markers were generated following Kim et al. (2003). Briefly,
EcoRI and MseI restriction enzymes were used to digest 500
ng of genomic DNA followed by ligation with adaptors and
preamplification with þ2 EcoRI and MseI primers (AC and
CC, respectively). Selective amplification was performed with
fluorescent dye-labeled þ3 EcoRI primer set (ACG) and three
unlabeled þ4 MseI primers (CCAG, CCAT, and CCTA).
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AFLP profiles were generated on an ABI 3700 automated
sequencer using Geneflo-625 size standard (Chimerx, Madison, WI). AFLP profiles were visually checked for polymorphism using Genescan software (ver. 3.7; Applied
Biosystems, Foster City, CA). To insure reproducibility, this
procedure was replicated for several samples. Two or more
samples showing peaks greater than a threshold value of 150
units and ranging between 70 and 300 bp were scored as a
locus. Out of a total of 102 markers, 66 were determined
polymorphic from 357 samples. Polymorphic markers were
used to create a distance matrix among collection sites (CavalliSforza and Edwards 1967) followed by principal coordinate analysis using FAMD software (ver 1.1b; Schlüter and
Harris 2006) to calculate mean eigenvectors for each collection site.
An FST-based simulation program, Dfdist (ver. D), was used
to identify outlier loci, the loci considered to be candidates for
directional selection (Beaumont and Nichols 1996; Beaumont
and Balding 2004). Dfdist uses a Bayesian estimate of locus
frequency for dominant markers (Zhivotovsky 1999). Locus
FST values were estimated from a simulated distribution of
50,000 iterations using an infinite alleles model. This distribution was used to determine outliers. Outlier loci were considered putatively under directional selection above the 0.995
quantile. These locus frequencies were regressed with the genecological prediction.

Quantitative Genetic Data
Rehfeldt et al. (1984) described a common garden study
of seedlings derived from wind pollinations in 58 natural collection sites (fig. 1). The present study uses data from 3-yr
measurements at three disparate field tests. Traits measured included four variables describing growth and development in
the field and injury from laboratory freezing tests. In our analysis, genetic variation among collection sites was assessed from
eigenvector means from principal component analysis.

Climate Estimates
To obtain climate estimates for all collection sites, we used
climate surfaces for western North America developed from
the thin plate splines of Hutchinson (1991, 2000) according
to the procedures of Rehfeldt (2006; http://forest.moscowfsl
.wsu.edu/climate/). The surfaces were developed from 1961–
1990 monthly climate data from ;6,000 weather stations in
the western United States and Canada. The surfaces allow
monthly climate normals to be predicted for point locations,
identified by latitude, longitude, and elevation. From these predictions, derived variables were calculated for as many as 35
climate variables (see Rehfeldt et al. 2006) that include simple
expressions such as annual precipitation, complex temperature
sums such as growing degree days (degree days >5°C), and
temperature-precipitation interactions such as annual dryness
index, the ratio of (growing degree days)1/2 to mean annual precipitation (table 1).
To facilitate the mapping of our results, monthly normals
were predicted for each cell of a digitized elevation model
gridded at 0.5 min (;1 km2). Derived variables were then cal-
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Fig. 1 Predicted distribution of climates suitable for western white pine (Pinus monticola) according to a bioclimate model (Rehfeldt et al.
2006) plotted in reference to the range map of Little (1971). The climate variables used in this model are shown in table 1. Crosses indicate collection
sites for the quantitative genetic data; diamonds indicate collection sites for the molecular (amplified fragment length polymorphism) data.

culated for each grid cell (see Rehfeldt et al. 2006). Thus, climate surfaces served three purposes: (1) to predict site-specific
climate variables for the collection sites, (2) to map the predicted species distribution of western white pine (see Rehfeldt
et al. 2006), and (3) to map the genecological predictions for
both molecular and quantitative data.

Developing Genecological Predictions
Modern data mining tools with origins in machine learning
are of increasing appeal to ecological modelers (Cutler et al.
2007) for applications such as predicting spatial distributions
(Thuiller et al. 2003; Elith et al. 2006; Guisan and Zimmerman 2000) or predicting forest characteristics (Moisen and
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Table 1
Climate Variables and Their Definitions Used in the
Bioclimate and Genecological Analyses
Acronym
MAT
MTCM
MMIN
MTWM
MMAX
MAPa
GSP
TD
DD5
DD0
MINDD0a
SDAY
FDAY
FFP
GSDD5
D100
ADI
SDIa
PRATIO (PR)a

Definition
Mean annual temperature
Mean temperature in the coldest month
Minimum temperature in the coldest month
Mean temperature in the warmest month
Maximum temperature in the warmest month
Mean annual precipitation
Growing season precipitation, April–September
Summer-winter temperature differential, MTWM  MTCM
Degree days >5°C
Degree days <0°C
Minimum degree days <0°C
Julian date of the last freezing date of spring
Julian date of the first freezing date of autumn
Length of the frost-free period
Degree days >5°C accumulating within the frost-free period
Julian date the sum of degree days >5°C reaches 100
Annual dryness index, (DD5)1/2/MAP
Summer dryness index, (GSDD5)1/2/GSP
Ratio of summer precipitation to total precipitation, GSP/MAP

Note. Interactions used in the analyses are MAP 3 DD5, MAP 3 MTCM, GSP 3
MTCM, GSPa 3 DD5, DD5a 3 MTCM, MAP 3 TD, GSPa 3 TD, MTCM/MAP,
MTCM/GSP, DD5/GSP, ADI 3 MTCM, SDI 3 MTCM, TD/MAP, TDIFF/GSP,
PRATIO 3 MTCM, and PRATIO 3 DD5.
a Variables used in the bioclimatic species model (fig. 1).

Frescino 2002). Of these tools, regression and classification
trees are demonstrating a higher accuracy and better ability
to characterize complex interactions among variables than
more traditional parametric techniques (Cutler et al. 2007).
We now use the Random Forests multiple regression tree of
Breiman (2001) to predict genetic variation in an ecological
genetic framework.
The eigenvector means for each collection site from both
genetic data sets were regressed separately on the climate variables as independent variables using the Random Forests multiple regression tree (Breiman 2001), available in the R statistical
package (Liaw and Wiener 2002; R Development Core Team
2006). The Random Forests algorithm reserves a random sample of one-third of the data for evaluating the training sets constructed from the other two-thirds of the data. Regression trees
are built by bootstrapping (i.e., 1000 bootstrap replicates) from
the training sets, while the omitted data are used to estimate
prediction error and variable importance. Because errors converge to a limit, effects of overfitting are nil. Root mean squared
errors averaged across all trees were used to calculate variance
explained, a statistic used as a guide in choosing a reasonably
parsimonious model, obtained by stepwise elimination of variables until the variance explained by the model began decreasing.
Variable importance was judged from the increase in the mean
square error after predictor variables were permuted. To obtain a
statistic reflecting the fit of the chosen model, simple correlations
were made between observed and predicted eigenvector means.

Mapping Genetic Variation
The chosen genecological models were used to predict eigenvectors from the array of climate variables estimated for

each cell of the digitized elevation model. The results of the
genecological models are herein referred to as genecological
predictions. Genetic variation was then mapped using Arc
Map software (ver. 9.1; ESRI 2005). Because our genecological predictions are designed to describe genetic variation along
climatic gradients, we mapped genetic variation as a continuous variable across the landscape; however, discussion is made
easier by referring to distinct landscape patterns as climatic
ecotypes.

Cross Validation of Molecular and Quantitative Predictions
In addition to a visual comparison of maps, we used the
molecular prediction to plot values of eigenvector 1 for all
locations in the quantitative data set and also used the quantitative prediction to plot values of eigenvector 1 for the molecular data set. Predicted and observed values were scaled
between 0 and 1, and the relationships between them were assessed with Pearson’s product-moment correlation coefficient.

Bioclimate Species Model
We mapped genetic variation within a predicted geographic
distribution of western white pine. The distribution was estimated by using the Random Forests classification tree of
Breiman (2001) to predict presence or absence from permanent plots maintained by Forest Inventory and Analysis, U.S.
Forest Service (Alerich et al. 2004). The data consist of
;117,000 plots in the western United States, of which western
white pine occurs in 2160 plots. Statistical procedures follow
those of Rehfeldt et al. (2006). A stepwise elimination proce-
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dure was used to find a reasonably parsimonious model. Predictor variables were eliminated using variable importance
scores based on the mean decrease in accuracy. The final
model was chosen from the results of 10 forests each with 100
trees, using out-of-bag errors to judge the relative quality of
the models. Mapping followed the procedures outlined above.
All mapped predictions for Canada are extrapolations.

Evaluation of Individual AFLP Loci
Because principal coordinates analyses does not allow for
an evaluation of eigenvector loadings from AFLP loci, simple
correlations were made between genecological predictions of
the molecular data set. We assessed outlier AFLP loci identified
by Dfdist, discussed above. Correlations of locus frequencies
(Lynch and Milligan 1994; Zhivotovsky 1999), calculated using AFLP-SURV (Vekemans 2002) and the genecological prediction, were conducted with the R statistical package using
Pearson’s product-moment correlation coefficient. Scatter plots
were constructed for the statistically significant correlations
(P < 0:01). These plots were used to evaluate whether specific
correlations correspond to the genecological prediction. Because of multiple tests, a false discovery rate (Benjamini and
Hochberg 1995) was applied to the P values from correlation.

Results
Principal Coordinates and Principal Components Analyses
For the molecular data, the first and second eigenvectors of
principal coordinates analysis explained 43.8% and 18.4% of
the genetic variation, respectively. For the quantitative data,
the first two eigenvectors of principal components analysis
explained 52.6% and 11.3% of the genetic variation, respectively. The first eigenvector of the quantitative data was
associated primarily with growth traits (e.g., shoot elongation
and growth phenology), while the second eigenvector primarily reflected cold tolerance (Rehfeldt et al. 1984). In both analyses, eigenvectors other than the first and second accounted
for little variation (<9%), and for the quantitative data,
these eigenvectors showed no correspondence to quantitative
traits. Therefore, the remaining eigenvectors are ignored
hereafter.

Bioclimate Species Model
Errors of prediction averaged 4.2% across the 10 forests
for the models as variables of least importance were eliminated

in a stepwise fashion. This error remained relatively constant
throughout the process until eight variables remained. Thereafter, the errors increased slowly as variables were removed,
reaching 4.7% with a four-variable model, 7.6% with three,
7.6% with two, and 10.3% with a one-variable model. We
chose the seven-variable model (table 1) as being of reasonable
parsimony while providing a buffer against relying on single
variables, a potentially serious problem when mapping projections. Nonetheless, as demonstrated by the classification errors,
the three variables of the three-variable model were the most effective. These three, in order of their importance values, were
the ratio of summer to total precipitation (PRATIO), the summer dryness index (SDI), and the product of degree days >5 °C
and summer precipitation (DD5 3 GSP). Note that all involve
summer precipitation, and the latter two are expressions of the
summer balance between temperatures and precipitation.

Genecological Predictions
The genecological predictions we chose as being reasonably
parsimonious included two climate variables for both quantitative and molecular data sets. These two predictions explained 74% and 70% of the variance among populations for
the first eigenvector of the quantitative and molecular data, respectively (table 2). In both analyses, the most important climate variables, as judged by the mean decrease in accuracy,
involved interactions of growing season precipitation and
temperature (GSP 3 TD; table 2). Significant relationships
were found in plotting the observed eigenvectors and the genecological predictions (r > 0:85, P < 0:001; fig. 2).
Genecological maps from the molecular and quantitative predictions for eigenvector 1 are illustrated (fig. 3). Mapped variation from the two predictions is strikingly similar: higher
predicted eigenvectors, represented by dark shades of brown,
were generally distributed north of 44°N in the Rocky Mountains and Cascade Range. Lower predicted eigenvectors, represented by shades of yellow, were distributed mostly south of
44°N, including Sierra Nevada, Siskiyous Mountains, and on
the eastern slopes of the southern Cascade Range. Under the
quantitative prediction, darker shades represent populations
with higher growth potential and lighter shades represent those
of lower growth potential. Also striking are the patterns of variation that cross the crest of the southern Cascade Range. Both
predictions suggest steep genetic clines across the crest, with
darker shades distributed on the windward, western slopes of
the southern Cascade Range and lighter shades on the leeward,
eastern slopes (fig. 3A, 3B, inset). The geographic distance between molecular and quantitative sites on either side of the

Table 2
Predictor Climate Variables, Proportion of Variance Explained, and Correlation Coefficients of the Observed with the Genecological
Predictions Based on Random Forests Regression of Molecular and Quantitative Eigenvectors (Vectors 1 and 2)
Quantitative model

Vector 1
Vector 2

Molecular model

Climate variables

Variance (%)

r

P

Climate variables

Variance (%)

r

P

GSP 3 DD5, GSP 3 TD
DDO, PR 3 MTCM

74.3
59.2

.86
.77

<.001
<.001

GSP 3 TD, PRATIO
MTCM 3 GSP

70.1
34.6

.85
.60

<.001
<.02

Note. Relationships of the eigenvectors and genecological predictions are shown in figure 2. Acronyms for climate variables are listed in
table 1.
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Fig. 2 Observed values of the first eigenvector for collection sites (X-axis) plotted against values predicted from the Random Forest regression
of climate data (Y-axis) for amplified fragment length polymorphism (A) and quantitative (B) data. The correlation coefficients and variables of
importance are listed in table 2. Arrows indicate the proximal collection sites shown in the inset of fig. 3. The dashed line is the fitted linear
regression model for the combined scatter plots (function not presented).

Cascade crest is only ;40 km, and the distribution of western
white pine between sites is relatively continuous (B. A. Richardson, G. E. Rehfeldt, and M.-S. Kim, personal observation), but
the genetic differences, reflected in the observed eigenvectors,
are nonetheless pronounced (fig. 2).

The genecological prediction developed for the second
quantitative eigenvector explained 59% of the variation in
cold tolerance among sites. This eigenvector, reflecting cold
tolerance among populations, was associated with two
climate variables involving minimum temperatures and pre-

Fig. 3 Mapped patterns of genetic variation using predicted values of eigenvectors (fig. 2) from molecular (A) and quantitative (B) genecological predictions. High to low values
are represented by colors in a gradient from light yellow to dark brown. For the quantitative data, this color scheme is also directly related to predicted growth potential (yellow ¼ low, dark
brown ¼ high). The insets illustrate a steep gradient across Cascade crest in southern Oregon, with identification of collection sites in opposing ecotypes: National Creek (NaCr), Deer Creek
(DeCr), Oakridge (OkRd), and Lookout Mountain (LoMt).
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cipitation (table 2). For the second molecular eigenvector,
however, the Random Forests regression model accounted for
only 35% of the variation among sites (table 2). After plotting
the observed values against predicted values, it became obvious that the analyses were largely separating sites in the Siskiyou Mountains from the remaining 13 collection sites (data
not shown). While this eigenvector represented significant
population genetic structure, it showed no association to climate and no similarity to those of the second eigenvector of
the quantitative prediction.
A genecological map for the second eigenvector of the
quantitative data uses light shades to represent low values
(i.e., low cold tolerance) and dark shades for high cold tolerance (fig. A1 in the online edition of the International Journal of Plant Sciences). These patterns are intuitively related
to the coldness of the collection site: western white pine from
the western slopes of the Cascade Range are exposed to milder
climates moderated by the Pacific Ocean and consequently display lower cold tolerance. Western white pine from high elevations and regions influenced by a continental climate (i.e., east
slopes of the northern Rocky Mountains) display a higher cold
tolerance.

Genecological Prediction Comparison
To demonstrate the similarities between quantitative and molecular genecological predictions, the quantitative prediction
was plotted with the observed molecular eigenvectors of the
first principal coordinates, and the molecular prediction was
plotted with the observed quantitative eigenvectors of the first
principal component. After scaling the predictions to values between 0 and 1, a simple correlation was calculated between observed and predicted values (fig. 4). A correlation of 0.84
(P < 0:001) was calculated between the observed quantitative
eigenvectors and values for the molecular prediction, while a
correlation of 0.68 (P < 0:01) was calculated between the observed molecular eigenvectors and values for the quantitative
prediction. No significant relationships were found for the second eigenvectors of the two data sets (data not shown).

Genome Scan and Regression with the
Genecological Prediction
The genome scan revealed that eight of 66 loci (12%) were
outliers exceeding neutral expectations (fig. A2 in the online
edition of the International Journal of Plant Sciences). Regression of the molecular genecological prediction with the locus
frequencies from outliers identified in the genome scan found
that four of these eight were highly correlated (P < 0:01).
When plotted with the prediction, two (TA103 and TA108)
out of the four loci revealed disparate locus frequency differences between geographically neighboring sites of Deer Creek
and National Creek, Oregon (fig. 5). These sites occupy opposite ends of the steep cline across the southern Cascade Range
(see fig. 3A, inset). Likewise, these outliers were significantly
correlated (P < 0:01), with individual climate variables included in the genecological prediction (data not shown). Further analysis showed that the removal of outlier loci reduced
the variation explained in the first eigenvector and the similar-
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ity between the molecular and quantitative genecological
models (data not shown).

Discussion
Western white pine genecological predictions of climaterelated genetic variation in AFLP markers and quantitative
traits were largely congruent. Similar climate variables accounted for the high proportion of variance in each prediction
of the first eigenvectors (table 2). Mapped patterns of predicted
genetic variation were nearly identical across the species contemporary climatic profile (fig. 3), and a cross validation exercise was strongly supportive (fig. 4). The patterns show that two
major climatic ecotypes dominate both the molecular and quantitative data (fig. 3A, 3B). One climatic ecotype is predicted to
occur in the Sierra Nevada and on eastern slopes of the southern
Cascade Range. A second climatic ecotype occurs in the Rocky
Mountains, northern Cascades, and along the western slopes of
the southern Cascades. A steep cline between these groups occurs across the crest of the southern Cascade Range. This cline
follows windward- to leeward-facing slopes of the Cascade
Range and thus corresponds to a steep gradient in growing season precipitation and temperature. Support for these ecotypes is
also found in relationships of pairwise genetic distances between
collection sites and a Bayesian model-based clustering approach
based on the AFLP data (M.-S. Kim, B. A. Richardson, G. I.
McDonald, and N. B. Klopfenstein, unpublished manuscript).
For the quantitative data, this climate gradient was associated
with divergent selection in growth potential (fig. 3B, inset;
Rehfeldt et al. 1984). The patterns, moreover, coincide with
those demonstrated in an independent study of adaptive variation in western white pine within the Cascade Range of Oregon
and Washington (Campbell and Sugano 1989). Unfortunately,
the location data for this later study has been lost and cannot be
analyzed anew.
No similarities were found in the comparison of the two
genecological predictions developed from the second principal
component/coordinate eigenvectors. However, the second mean
eigenvectors of the quantitative data, which were associated
with cold tolerance from laboratory freezing tests (Rehfeldt
et al. 1984), were closely correlated with an interaction of minimum temperatures and precipitation of the seed source (table
2). When mapped, genecological predictions for these eigenvectors were assorted into a pattern of greater cold tolerance with
continental climates and higher elevation (fig. A1). Regression
of the second principal coordinate eigenvectors of the molecular
data set on climatic variables revealed a significant (P < 0:02)
linear relationship; however, this relationship is caused by two
clusters of points separating collection sites in the Siskiyou
Mountains from all other sites (data not shown). Incongruity
between predicted effects for the second eigenvectors suggests
that the molecular genetic variance associated with this second
eigenvector is caused by the demographic effects. The Siskiyou
collection sites are geographically relatively isolated, and variance along this axis is not likely to be directly climate related.
The central issue raised by the congruent patterns of adaptive traits and molecular markers in western white pine is the
underlying evolutionary process. These congruent genetic
patterns could be coincidental, derived independently from
divergent climatic selection in growth potential and historical
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Fig. 4 Cross validation scatter plots of observed means for the first eigenvector (X-axis) plotted against values of the genecological prediction
(Y-axis). Circles are eigenvectors derived from quantitative data plotted with the values of the molecular genecological prediction; triangles are
molecular eigenvectors plotted with the quantitative genecological prediction. Simple correlation coefficients were 0.84 and 0.68 (P > 0:01),
respectively. The dashed line is the fitted linear regression model for the combined scatter plots (function not presented).

demography of molecular markers. Narrow zones of contact
from expansion of postglacial refugia are common in temperate and boreal conifer species (Richardson et al. 2002;
Godbout et al. 2005; Walter and Epperson 2005). These contact zones have been identified through nuclear and organellar
DNA and paleoecological data. However, for western white
pine, paleoecological records suggest that this species has
been present on the western slopes of the southern Cascades
and in northern California at least since the last glacial maximum (;18,000 yr before present; Grigg and Whitlock 1998;
Mohr et al. 2000). Genetic structure between collection sites
at higher latitudes (i.e., near the U.S. and Canadian border),
are more likely caused by demographic processes resulting
from glaciation (M.-S. Kim, B. A. Richardson, G. I. McDonald,
and N. B. Klopfenstein, unpublished manuscript). Furthermore, both maternally inherited, mitochondrial (mt)DNA
haplotypes (B. A. Richardson, unpublished data) and majorgene resistance, a hypersensitive reaction to a fungal disease
caused by Cronartium ribicola (Kinloch et al. 2003), are
shared in populations in either ecotype. The paleoecological
data and sharing of mtDNA haplotypes and a resistance
trait suggest that gene flow has occurred over time and the
southern Cascade Range is not a recent contact zone. Thus, a

purely demographic hypothesis to explain a coincidental congruence in molecular markers and adaptive traits is inadequate.
In western white pine, divergent climatic selection is the
most reasonable explanation for the congruent genetic patterns we describe. These patterns associated with growing season precipitation and temperature (table 2) could impose a
reproductive barrier across these parapatric ecotypes. While
the western white pine from these opposing ecotypes are reproductively compatible in breeding programs, no long-term,
reciprocal transplant tests have been conducted to evaluate fitness of trees or ecotypic hybrids in these opposing environments. It is conceivable that immigrants from the opposing
ecotypes or hybrids between ecotypes would have reduced fitness due to either competition by faster growing trees or damage/mortality caused by insufficient moisture. Thus, this steep
environmental cline could act indirectly as a limited reproductive barrier. This type of reproductive isolation caused by natural selection is defined as postmating, hybrid inviability
(Nosil et al. 2005). Such a process would likely have a widespread impact on the genome, detectable with AFLPs.
The congruence of AFLP and adaptive trait genetic variance in western white pine could involve a second hypothesis

Fig. 5 Plotted relationships of the molecular genecological prediction (Y-axis) and the plus-allele frequency of amplified fragment length
polymorphism loci TA103 and TA108 and (X-axis). These loci were identified as outliers by a genome scan. The correlation coefficient was 0.87,
and P > 0:0145 corrected for multiple testing using a false discovery rate. The collection sites Deer Creek (DeCr) and National Creek (NaCr) are
indicated to show frequency differences from adjacent collection sites in opposing ecotypes.
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in which regions of the genome under divergent selection are
linked to some AFLP loci. This hypothesis is not mutually exclusive of reproductive isolation caused by climatic selection.
However, support for AFLP linkage to regions of the genome
under divergent selection is found in the differential FST
values from individual AFLP loci (fig. A2) and strong correlation of some genome scan outliers with genecological predictions (fig. 5). The proportion of loci under putative selection
reported in this study of 12% is comparable to outlier detection in other conifers (Acheré et al. 2005; Namroud et al.
2008). The discovery of putative genetic hitchhiking loci
caused by selection has been increasingly reported across ecological gradients in diverse taxa (Jump et al. 2006; Rogers
and Bernatchez 2007; review in Nosil et al. 2009). Further
study is needed to characterize associations between growth
traits and molecular markers in western white pine and to
test the fitness of western white pine ecotypes through reciprocal transplant experiments.
Global climate change poses an enormous challenge to
those developing conservation strategies for diverse forest
species (Aitken et al. 2008). Here, we delineate the climate
ecotypes using climate surfaces (see Rehfeldt 2006). These
surfaces can be readily updated to incorporate global warming scenarios from general circulation models to predict the
future distribution of climates expected to be suited to each
ecotype throughout this century. Such analyses on quantitative traits have been performed for Engelman spruce (Picea
engelmannii; Rehfeldt 2004) and for Douglas fir (Pseudotsuga
menziesii; St. Clair et al. 2005; St. Clair and Howe 2007). Information on the future distribution of climates suited to
contemporary populations is critical for breeding, conservation, and long-term restoration programs (Tchebakova et al.
2005). As genomic techniques become more refined in the
methods to detect an adaptive signature, this approach may
be essential for time-dependent decisions regarding conservation strategies in response to climate change. While quantita-

tive genetic approaches are ideal for genecological studies,
the length of time to acquire data (i.e., typically 5–10 yr) is
an impediment to genetic conservation decisions for tree species under rapid climate change.

Conclusion
This genecological study demonstrates that AFLP loci reflect
climate-driven divergent selection in western white pine. We
show that geographic patterns developed from molecular predictions are congruent to those developed from quantitative
data obtained in independent studies conducted in common gardens. The proposed evolutionary process for the observed AFLP
patterns is loosely linked loci to genomic regions under selection
and/or postmating reproductive isolation cause by climatic
selection. Our approach requires knowledge of the range-wide
genetic variation in adaptive traits, a climate model capable
of estimating site-specific climate variables, and a versatile regression algorithm, such as Random Forests, capable of handling
large data sets. This study provides a basis for evaluating molecular markers for climatic selection, identifying geographic regions
for further research in genecology, and prioritizing populations
for conservation under current and future climates.
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