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Abstract
Background

Demographic events and natural selection can have independent and confounding effects on population
structure and adaptation capability. This means different species could have had very different paths to
their current population structure. The in�uences of demography and selection along a species’
evolutionary timeline can in�uence responses to current and future stressors. We used two genome-
wide and range-wide datasets in Ponderosa pine (Pinus ponderosa) to better understand the in�uences
of demography and selection on current population structure and future maladaptation risk.

Results

Samples were sequenced with 55,000 capture-seq probes, producing 1.2-1.5 million SNPs (400Mbp per
sample) in each dataset. We examined current population structure, changes in effective population size,
evidence for selection, genome-environment associations and future maladaptation risk using genomic
offset. We identi�ed four genetic clusters within the species; numerous bottleneck events that mirror
glacial advances and past droughts; signatures of purifying and balancing selection; important
environmental variables; and many geographic areas with high amounts of genomic offset.

Conclusions

Differentiation across varieties  has mostly been driven by two processes (1) bottleneck events causing
random  losses of alleles and decreased connectivity, (2) spatially heterogeneous  selection and
purifying selection in response to varied moisture levels. Many areas are predicted to be at risk of  future
maladaptation, which coincide with areas showing increased mortality  events and decreased
regeneration in previous studies. Previous evolutionary  events and rapidly changing climate have
shaped future maladaptation risk.  Drastic changes from current genomic structure are needed to meet a
rapidly  changing climate.

Background
Demographic events can have drastic impacts on population structure whether these events occurred
recently or hundreds of thousands of years ago. Effective population size heavily in�uences standing
genomic diversity (Wright 1931; Nei et al. 1975) and probability of �xation in new mutants (Wright 1931;
Ohta 1992).  Following large bottlenecks, there is a drastic decrease in diversity (Nei et al. 1975) and a
greater chance of a new polymorphism to become abundant through drift, regardless of whether the
polymorphism is advantageous, deleterious or neutral (Ohta 1992; Charlesworth 2002). In widely
distributed species, unique bottleneck events can cause asymmetric losses of heterozygosity across
locations within a species (Wakeley and Alicar 2001). Depending on gene �ow corridors, bottlenecks can
fragment continuous populations which can further lead to asymmetric heterozygosity levels within a
species (Hewitt 1996). Differing levels of heterozygosity from bottleneck events can lead to varied allele
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frequency across a species range creating unique phenotypes and adaptation capabilities, in part due to
the random collection of alleles from surviving individuals (Nei et al. 1975; Hewitt 1996). Understanding
a species’ demographic history can aid in understanding whether a species is structured due to
heterogeneous history that has led to isolated islands with unique assortments of alleles (Wright 1931;
Wakeley 1998, 2000; Wakeley and Alicar 2001; Lynch 2007), or due to selection where the assortment of
alleles across populations represents the optimum �tness for speci�c environments (Darwin 1859), or
more likely a combination of the two. Furthermore, that understanding can provide inferences on a
species adaptation capability, which is important in the face of a rapidly changing climate.

Natural selection and gene �ow also play important roles in shaping species’ population structure and
adaptation capability. Often demographic events, type of selection, and levels of gene �ow have
confounding effects on differentiation and adaptation capability (Lenormand 2002; Charlesworth 2003).
Mutations can be advantageous, deleterious or neutral and based on the in�nite site model individual
mutations can occur in any area of the genome and speci�cally in new areas (Kimura 1969; Hudson
1983).  In fragmented populations, mutations can then occur in completely different areas of the
genome, and these populations can become differentiated over time simply by random chance (Kimura
1969; Hudson 1983; Kimura 1983; Ohta 1992). Further complicating matters, purifying selection shrinks
genetic diversity, but its e�cacy is dependent upon population size and gene �ow (Lanfear et al. 2014;
Chen et al. 2017). Therefore, if fragmented populations have varied sizes and connectivity, purifying
selection may purge certain polymorphisms in some populations, but not others, further differentiating
populations. Environmental heterogeneity can lead to varied directions of selection for speci�c
polymorphisms, leading populations to become differentiated due to adaptation to their local
environment (Wright 1931; Levene 1953; Deakin 1966; Christiansen 1974). Maintenance of
polymorphisms can be in�uenced by demographic history and life history strategies (Karlin 1982). High
gene �ow can limit this differentiation across heterogeneous environments due to gene swamping,
where even advantageous alleles are much less likely to become �xed (Slatkin 1987; Yeaman and
Whitlock 2011). However, there are some cases where advantageous alleles are maintained across
heterogeneous environments under high gene �ow (Comeault et al. 2014; Laurent et al. 2016). The
decades of evolutionary theory and empirical work suggest a species can arrive at a set of
advantageous alleles through a variety of pathways and maintain these alleles in many ways. Therefore,
untangling the interplay between selection and demographic history can help better understand a
species’ development and maintenance pathways of polymorphisms, which can allow inferences for
what may happen to a species under new threats. 

To better understand how theory relates to species-speci�c evolutionary histories, quality study systems
need to be chosen, and modern tools need to be leveraged. Advancing in sequencing and computation
capabilities has allowed us to test evolutionary theory more robustly than ever before, due to the
increase in the number of polymorphisms investigators can generate.  Ponderosa pine (Pinus
ponderosa) offers a great opportunity to further our understanding of the in�uences of demographic
events, selection and gene �ow on current population structure and adaptation capability. Ponderosa
pine is a long-generation, slow-growing, outcrossing, wind-dispersed conifer that is distributed from West
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Texas to British Columbia and exists across extremely wide ecological amplitudes, e.g. populations can
exist at 400 to 1100mm mean annual precipitation (Kerr et al. 2015; Dixit et al. 2022). Due to its wide
distribution, Ponderosa pine provides biodiversity and ecosystem services, such as supporting rare or
endangered species (Keith 1965;      Beier et al. 2008), and maintaining a sustainable water yield (Folliott
et al. 1989; Allen et al. 2002).  While readily abundant in many areas of North America, Ponderosa pine
has a very unclear population structure, with previous studies suggesting anywhere between 2-9 intra-
speci�c varieties using SSRs (Conkle and Critch�eld 1988; Callaham 2013; Potter et al. 2013, 2015;
Willyard et al. 2017). More recently, a smaller scale study identi�ed SNPs associated with environmental
gradients in Sierra Nevada seed sources (Shu and Moran 2023). Species’ range genome-wide
assessments of population structure have never been conducted within Ponderosa, probably due to the
sequencing and computational challenges of working with very large datasets required to understand
huge and complex conifer genomes. The reference genome assembly is currently absent for the species,
but Ponderosa is a diploid species with an estimated genome size of 20-22 Gbp.  Limited work has
examined evolutionary forces shaping population structure of Ponderosa pine, mainly due to an unclear
fossil record (Cole 1983; Roberts and Hamann 2015; Shinneman et al. 2016, Willyard et al 2021),
therefore the speci�c evolutionary factors that have led to such a complex population structure in
Ponderosa pine have yet to be examined. Furthermore, negative physiological responses across the
species range have been reported in the past decades (e.g. increased mortality, decreased regeneration),
most likely due to changing climate regimes (Kolb et al. 2007, 2019; Petrie et al. 2023). Ponderosa pine’s
wide ecological amplitude, unclear evolutionary history and complex population structure suggests the
high potential for unique selection strategies, demographic history and patterns of gene �ow.
Furthermore, the negative effects due to climate change seen in Ponderosa pine offer an opportunity to
understand how past evolutionary factors in�uence future maladaptation risk. 

To address these knowledge gaps, the driving questions of this study are (1) What population structure
is best supported using genome-wide data? (2) Is there evidence that demographic history and/or
selection has shaped current population structure? If so, what type of selection is occurring and what
environmental factors act as selection pressures? (3) What populations are at higher risk of
maladaptation in the near future due to past evolutionary forces and current genome x environment
relationships?

Methods
Our study uses two independent genomic datasets to assess the project goals. Two datasets allow for
better inferences of patterns as more samples are used in making �nal conclusions.  Final conclusions
were based on the synthesis of results from both datasets.

Dataset one (poolseq) sample collection 

Needle tissue was collected from 12-20 mature individuals in 26 unique locations respectively across
the species’ natural range (Figure 1, Table 1, Supporting Information Table S1). Sampled individuals were
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separated at least 30m from each other, to reduce chances of relatedness among samples. The terminal
end of a branch was cut off and 5-10 fascicles of needles were collected for each individual tree.
Latitude, longitude, and elevation were recorded for all individuals. Following collection, all needles were
placed in a -20℃ freezer. All 26 locations were on public lands managed by the United States Forest
Service (USFS) or the United States Bureau of Land Management (BLM). Most collections were
conducted by respective USFS, BLM or Cal Fire   members; any collections not done by USFS or BLM
members were done with the approval of each respective organization.   All 26 locations represented
novel ponderosa pine sampling locations with no known o�cial seed source name and as such short-
hand names were arbitrary.

Dataset two (common garden) sample collection

Seeds were gathered from 24 seed sources across the geographic range of Ponderosa and split into four
regions: 1) Eastern Washington State and Idaho. 2) Arizona, Southwestern Utah and New Mexico. 3)
Montana and Wyoming, and 4) California, with 6 seed sources within each region (Figure 1, Table 1,
Supporting Information Table S2). Seed sources were chosen based on availability from previous
collections maintained by Northern Arizona University (NAU), The Forest Service’s Experimental Forest at
Priest River, Idaho and the Forest Service’s National Seed Laboratory. All seed source names used in our
study came from previously established seed and such the names given by their original collectors were
kept for consistency. A total of 50-60 seeds per seed source were planted in November 2022 in the
Northern Arizona University Greenhouse. Seed was taken out of the freezer, planted and watered in the
same day. Germinated seedlings were watered to saturation 3 times a week in 20cm pots for the
duration of this experiment. Seedlings were also fertilized to maintain health and growth throughout the
�rst year of their lives. Germination rates ranged from 10%- 90%. Tissue for DNA extraction was
collected from 404 seedlings (101 individuals per region, 5-32 individuals per seed source). 

DNA extraction and Sequencing

For both datasets, DNA was extracted using 60-100mg of needle tissue homogenized using a SPEX
Tissue MiniG 1600 Prep Machine. DNA was extracted using either a MP Bio EZ Plant DNA extraction kit
(MP Biomedicals, LLC, Irvine, CA), Nucleospin Plant DNA extraction kit (MACHEREY-NAGEL, Dueren
Germany) or a CTAB DNA extraction protocol. Following extraction, each extract was quanti�ed using a
Qubit 4.0 Fluorometer (Thermo Fisher, MA, USA) and placed in a -20℃ freezer. For dataset one DNA
samples were pooled in sets of 4 with respect to their sampling location, creating 96 composite
samples. The same amount of input DNA for each sample was added in the composite sample to make
sure each individual sample had an accurate representation. Two samples failed to produce viable
libraries leaving 94 composite samples to sequence. No pooling was conducted for dataset two; all 404
individuals were sequenced individually. All samples across the two datasets were then sequenced
using the same 55,000 capture seq probes (40,000 probes for coding regions, 15,000 for intergenic/non-
coding regions). Probes were designed using a draft Ponderosa pine transcriptome (Gilewski and
Mattsson, unpublished data) and the loblolly pine reference genome v 2.0



Page 6/34

(https://treegenesdb.org/FTP/Genomes/Pita/v2.0/genome/). Libraries were sequenced using
150x150bp on an Illumina platform conducted at Rapid Genomics (LGC Biosearch Technologies,
Gainesville, FL). Probes generated 300-400 Mega-bp worth of data per sample.

Sequence analysis

The same software for sequencing analysis was used for both datasets, however each dataset was
analyzed independently. Raw reads were quality controlled (QC’d) and trimmed of adapters using fastp
(v0.23.2; Chen et al. 2018), FASTQC (Andrews 2010) and MultiQC (Ewels et al. 2016). Initial �ltering
criterion for raw reads was a phred score higher than 30.  Following initial QC, reads were mapped to the
loblolly pine reference genome (version 2.0) using bwa-mem (v0.7.10; Li and Durbin 2009) using default
settings. Mapped reads were then sorted by coordinates and any duplicates were removed using
samtools (v1.5; Li et al. 2009). Following mapping, single nucleotide polymorphisms (SNPs) were called
using bcftools (Danecek et al.   2021). For dataset one, 111,576,152 SNPs were initially called. For
dataset two, 284,913,192 SNPs were initially called. Initial �ltering criteria for SNPs were quality score
greater than 20, call rate greater than 0.75, minor allele frequency greater than 0.01. SNP �ltering was
conducted using vcftools (Danecek et al. 2011) and bcftools (Danecek et al. 2021). After initial �ltering,
1,282,955 SNPs and 1,501,748 SNPs (datasets one and two, respectively) were retained for further
analyses.

Current population structure

For each �ltered SNP dataset, population structure was assessed using a principal component analysis
(PCA) and a discriminant analysis of principal components (DAPC), with functions within plink (Purcell et
al. 2007) and adegenet R package (Jombart 2008). Optimum number of PCs included in the DAPC were
decided based on the optim.a.score function within adegenet. Twenty discriminant axes were included in
Dataset one; the optimum number of PCs to include for this dataset was 8 with an average classi�cation
accuracy of 84%. Twenty discriminant axes were also included in Dataset two; the optimum number of
PCs for dataset two in the DAPC was 12 with a classi�cation accuracy of 76%. The effect of markers
potentially under selection on population structure was assessed by re-running all analyses using
putative neutral markers, as determined by Hardy-Weinberg equilibrium (HWE) using vcftools (Danecek
et al. 2011).      Due to the pooled nature of dataset one, a higher HWE alpha value was used (0.10) to
account for any effect the pooled samples had on determining HWE. The markers potentially under
selection did not have any effect on population structure and so the results of the full datasets are
presented in the main text (Supporting Information Figure S1)

Current population genetic metrics

Wright’s pairwise �xation index (FST) (Wright 1949), 𝛳𝜋 (Tajima 1983), inbreeding coe�cient (FIS) and
private alleles were calculated on putative-neutral markers. A total of 979,250 SNPs were retained after
�ltering. For dataset two, a HWE alpha value of 0.05 was used, leaving 1,018,650 SNPs. Pairwise FST
was determined using StAMPP (Pembleton et al. 2013), an R package designed to accommodate more
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than just diploid samples and visualized using a neighbor joining tree from ape (Paradis et al. 2004). 𝛳𝜋
was calculated on 10kb windows of each scaffold using vcftools (Danecek et al. 2011). 𝛳𝜋 and private
alleles for each collection location were calculated using functions found within snpR (Hemstrom and
Jones 2023). FIS was calculated using vcftools (Danecek et al. 2011). Vcftools has been used in actual
polyploids to estimate FIS previously (Lee et al. 2020) because it takes a method of moments approach,
using each SNP to calculate FIS, with  FSNP = (O – E) / (N – E), where O is the observed number of

homozygotes, E is the expected number of homozygotes (given population allele frequency), and N is the
total number of genotyped loci. Because of the method moments basis using vcftools to calculate FIS is
therefore robust even on pool seq data.

Isolation by distance (IBD), isolation by environment (IBE), Tajima’s D (Tajima 1989) and site frequency
spectra (SFS) were estimated      on datasets using both neutral and non-neutral markers. IBD and IBE
were conducted using Mantel tests with 9999 permutations with functions within the ade4 R package
(Dray et al. 2007). Latitude and Longitude were used for IBD analysis, and 33 climate variables were used
for IBE (Table 1, Supporting Information Table S1, S2). SFS was calculated using R scripts from Liu et al
2018. 1D SFS were generated for each genetic cluster within each dataset. 2D SFS were then generated
for pairwise combinations of genetic clusters within each dataset.

Future maladaptation risk using genomic offset

Both full SNP datasets (neutral and non-neutral markers) were �ltered using a higher MAF �lter (0.05) for
genomic offset. This higher MAF left 677,119 SNPs for dataset one and 649,507 SNPs for dataset two.
Missing SNPs were imputed by �lling in missing values for each site with the most common value for
each site. Climate data was downloaded from Climate NA (Wang et al. 2016; Mahony et al. 2022).
Genomic offset was estimated using gradient forest (Ellis et al. 2012). Model quality was assessed by
seeing if the model could accurately project range-wide population structure after training. The �nal
model for both datasets consisted of 33 climate variables (Supplementary Figure 1, Supporting
Information Table S1, S2), 1000 trees and 101 bins. Genomic Offset was predicted for the SSP 245
Climate Scenario for 2041-2070 using the 8 GCM Ensemble Model projections from Climate NA (Wang
et al. 2016; Mahony et al. 2022).

Genome x environment relationships using genome x environment association (GEA)

The same imputed SNP datasets from the genomic offset analysis were also used for GEA analysis.
Selection of environmental variables included in the GEA was based on gradient forest importance
measure. Being that Redundancy Analysis (RDA) is sensitive to collinearity among variables, a sub-
selection of variables from the genomic offset were used with the RDA, based on variable importance
metrics found within gradient forest. Gradient forest identi�ed Summer Precipitation, Winter
Precipitation and Yearly Continentality as three climate variables with highest importance in dataset one,
and Summer precipitation, Winter Precipitation and Spring Relative Humidity as the three variables with
the highest importance in dataset two (Supplementary Figure 1). To account for all potential
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combinations of variables, dataset one and two were run using both sets of climate variables in separate
tests. The RDAs were conducted, and overall model �t was assessed using functions within vegan R
package (Dixon 2003).

Sparse partial Least Squares Regression (sPLS) was also used for GEA, using functions within the
RGCCA R package (Girka et al. 2023). For both datasets, initially all SNPs and all environmental variables
from the genomic offset analyses were tested. All environmental variables were used for the sPLS,
because sPLS relies on an eigen decomposition of matrices to then create functions that maximize
variance among matrices; it is therefore less sensitive to unstable parameter estimation among
variables due to the effect of collinearity relative to the multiple linear regression used in the RDA.
Following these full model tests, the loadings for the respective sPLS functions for the SNP matrix and
the environmental matrix were assessed. The variables that were in the 1% quantile of loadings were
chosen to be re-run to better understand which variables were contributing most. A �nal model of SNPs
and environmental variables using that �ltering criteria was then re-run a �nal time. Following the
identi�cation of candidate loci, both RDA and sPLS were then compared using variance explained (R2), to
see which model best explained the SNP data and thus gave the most robust representation of
environmental candidate loci. A PCA was then rerun, using FactoMineR (Lê et al. 2008), on candidate loci
and the most important environmental variables to illustrate how alleles changed with respect to
changing climate.      

Functional annotation of candidate loci and enrichment analysis

A custom database for the Pinus taeda reference genome was created with snpEff (Cingolani et al.
2012). The genes for SNPs identi�ed from the GEA were identi�ed using the Pita 2.01 annotation.
Sequences for each candidate loci were then extracted from the reference genome using samtools (v1.5;
Li et al. 2009). Functional annotation was �rst conducted on candidate loci using eggnog (Cantalapiedra
et al. 2021). To gain more information on functions of candidate loci, A.thaliana orthologs were identi�ed
using the blastx function on NCBI with search restricted to A.thaliana. Over-representation analysis was
run on gene ontology (GO) and KEGG ortholog (KO) terms respectively, which were identi�ed from the
eggnog functional annotation.   Unique GO and KO terms were identi�ed for candidate loci for both
datasets. The counts of each GO and KO term were used to create a distribution of observed
occurrences. Any term that was in the 95 percentile or greater was deemed to be over-represented.
Networks for over-represented GO terms were then created using functions found at quickGO
(https://www.ebi.ac.uk/QuickGO/annotations) 

Demographic Modeling and Patterns of Selection

Demographic history was inferred using changes in effective population size (Ne) using Stairway plot 2
(Liu and Fu 2020). One-dimensional SFS with singletons excluded for each unique genetic cluster in
dataset two were used. Stairway plot 2 is very sensitive to singletons. Only dataset two was used in this
analysis as there was a concern that using pool-seq data may provide false inferences due to the very
different distributions of 2D SFS in dataset one compared to dataset two. Stairway plot 2 has only been
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used for diploid samples in previous studies. Twenty years was used as the estimated generation time
and 1.0e-9 was used as the estimate mutation rate based on a midpoint value of nuclear mutation rates
of pines 0.70–1.31 × 10e−9   found in Willyard et al. 2007, which also falls within the evolutionary rate
estimated for gymnosperms in De La Torre et al. 2017.  

Signatures of selection were inferred using multiple methods; (1) � = dn/ds, (2) Transitions to
transversion ratios (Ts/TV), and (3) Tajima’s D that was corrected for demographic history using
simulations. All three methods were used on each dataset. Because identifying selection is so nuanced,
patterns of all three methods were used to make �nal inferences on signatures of selection. � = dn/ds
has been shown to differentiate sequences maintained under purifying, balancing selection and neutral
evolution, but has its own limitations (Nielsen and Yang 1998; Yang et al. 2000; Kryazhimskiy and Plotkin
2008; Fijarczyk and Babik 2015; Spielman et al. 2015). � = Dn/ds was estimated by dividing non-
synonymous mutations by synonymous mutations for each coding sequence identi�ed using snpeff
(Cingolani et al. 2012). This method may be coarser than many maximum likelihood methods but being
that our reference genome is a different species, and thus we are comparing interspeci�c sequences to
calculate dn/ds and aren’t violating suggestions seen in previous literature (Kryazhimskiy and Plotkin
2008; Fijarczyk and Babik 2015). Ts/Tv was calculated on 10kb windows using vcftools (Danecek et al.
2011). High Ts/Tv bias has been related to genes under adaptive evolution in many species (Guo et al.
2017; Sane et al. 2023, 2025) but is by no means a perfect relationship to selection. Tajima’s D is a
classic test of neutrality that is extremely sensitive to demographic history (Tajima 1989).   To correct
Tajima’s D for demographic history, �rst median estimates of Ne across generations for each genetic
cluster were used in SLiM 3 (Haller et al. 2019) to create neutral simulations that took into account each
genetic cluster’s speci�c demographic history. Simulations were conducted on 100MB fragments using
only �xed effect neutral mutations (selection coe�cient = 0.0) and the same mutation rate used in
stairway plot 2 models. Recombination rate of 10e-4 was used for all simulations, which is based on a
rounded lower bound of conifers’ genome-wide recombination rates from Jaramillo-Correa et al. 2010.
Ten independent simulations were run for each genetic cluster. Tajima’s D was then calculated on
simulated VCFs in 10kb windows using vcftools  (Danecek et al. 2011) creating 100 Tajima’s D windows
that represented possible Tajima D values for neutral mutation; the minimum and maximum simulated
values were used as upper and lower critical values for rejecting the null hypothesis of Tajima’s D .
Similar genetic clusters were seen across both datasets and as such the same critical values were used
for both datasets. The critical Tajima’s D values for the interior cluster were -2.1451 < neutral <
-0.951064. The critical Tajima’s D values for the northern interior cluster were -2.27033 < neutral <
-0.892826. The critical Tajima’s D values for the northern coastal cluster were -1.52952 < neutral <
0.813934. The critical Tajima’s D values for the California cluster were -2.29491 < neutral < -0.951064.
Following the simulations, observed Tajima’s D values were then calculated on 10kb windows for each
individual genetic cluster using vcftools (Danecek et al. 2011) for both datasets. Vcftools has been used
to calculate Tajima’s D using 10kb windows previously in polyploid organisms (Liu et al. 2024) and thus
can perform robustly for our pool-seq data. Any observed Tajima’s D value below the lower critical value
obtained from simulations was considered to be under purifying selection, similarly any observed
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Tajima’s D value above the higher critical value for each genetic cluster was considered to be under
balancing selection. 

Results
Population structure 

Our results across two datasets show strong support for 3 distinct genetic clusters within Ponderosa
pine and moderate support for 4 distinct genetic clusters (Figure 1, Supporting Information Figure S2).
The DAPC for both datasets show a strong split within the coastal portion of the US, with seed sources
and collections sites in the Northwest being distinct from most of California (Figure 1, Supporting
Information Figure S2). Our datasets suggest that the two clusters in the coastal portion differentiate in
northern California or Southern Oregon (Figure 1); thereby suggesting a California cluster and northern
coastal cluster. Our results also show differentiation in the interior west to a degree (Figure 1, Supporting
Information Figure S2). The DAPC shows the southwest being distinct from Montana and Wyoming, but
locations in the great plains show strong similarity to the southwest (Figure 1, Supporting Information
Figure S2). This suggests that individuals in Montana and Wyoming are unique relative to the rest of the
interior portion of the range; suggesting an interior cluster that exists from the southwest to the great
plains and a northern interior cluster that exists in Montana and Wyoming. 

Population genomic metrics

Population genomic metrics support broad scale patterns seen in population structure and suggest
unique nucleotide diversity and private alleles occurring within genetic clusters (Figure 2), a potential
effect of isolation by distance and environment.  Nucleotide diversity and private alleles varied widely
across sampled locations (Figure 2).  Californian populations had consistently high nucleotide diversity
and private alleles (Figure 2). Similarly, most populations in the northern       coastal cluster areas had
high nucleotide diversity and private alleles, although there were a few with lower levels of nucleotide
diversity and private alleles. Populations in the interior cluster and northern interior cluster showed the
strongest amount of within cluster variation in both nucleotide diversity and private alleles, with some
populations in those clusters having some of the highest nucleotide diversity and private alleles and
others the lowest magnitude in each metric. Both the California and northern coastal clusters show
similar levels of inbreeding, with a large amount of excess heterozygosity (Figure 2). The interior and
northern interior clusters also show generally similar levels of inbreeding with most sites showing an
excess or an expected amount of heterozygosity (Figure 2). However, some areas in the four corner
states and the plains (Southwestern Colorado, Central Colorado, South Dakota and Nebraska) show
lower than expected levels of heterozygosity, suggesting higher levels of inbreeding (Figure 2).  

Pairwise FST supports observed patterns in population structure found in the DAPCs for both datasets
(Supporting Information Figures S3-S4, Supporting Information Table S3, S4). Pairwise FST also shows
potential substructuring within genetic clusters, suggesting some collection locations or seed sources
may exchange more alleles with certain areas within their cluster than others (Supporting Information
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Figures S3-S4, Tables S3-S4), which supports the small geographic scale differences seen in nucleotide
diversity, private alleles and FIS. These substructure clusters tend to mirror geographic distance, that is
areas closer together tend to aggregate on the same split of the tree (Supporting Information Figures S3-
S4, Tables S3-S4). Geographic clustering patterns seen in pairwise FST are further supported by
signi�cant isolation by distance correlation identi�ed for each dataset (dataset one: r = 0.7554588,
permutated p-value = 1e-04, dataset two: r = 0.6606423, permutated p-value = 1e-04) (Supporting
Information Figure S5).  Environment also plays a role in genome differentiation as seen by signi�cant
correlations found in isolation by environment tests for both datasets (dataset one: r = 0.6465629,
permutated p-value = 1e-04, dataset two: r = 0.234628, simulated p-value = 1e-04) (Supporting Information
Figure S5).  

Two-dimensional site frequency spectra (2D SFS) support genome-wide differentiation seen in the DAPC
and pairwise FST, suggesting unique allele makeups across genetic clusters. More speci�cally, our
results suggest that many high frequency alleles in interior genetic clusters occur at much lower
frequency or are absent in coastal clusters and vice versa (Supporting Information Figures S6-S7). This
is seen via the many sites that occur at very different allele count classes between interior clusters and
coastal clusters (Figures S6-S7). Less pronounced differences are seen when the northern coastal
cluster is compared with the California cluster, and when the Interior cluster is compared to the Northern
interior cluster (Supporting Information Figures S6     -S7). These 2D SFS (Supporting Information
Figures S6-S7) still show differences in allele counts classes, supporting the pairwise FST and DAPC
clustering (Figure 1, Supporting Information Figures S3-S4).  

Demographic history

One-dimensional site frequency spectra (1D SFS) show an abundance of rare alleles within each genetic
cluster. Stairway Plot 2 suggests numerous bottlenecks for all four genetic clusters (Figure 3). Stairway
plot 2 was able to estimate Ne for all clusters dating back to 400-500 kya. Starting Ne was similar for all
clusters (slightly greater than 40,000,000), however �nal Ne estimates and the demographic history
varied for each cluster (Figure 3, Supporting Figures S8-S11). Even though the Interior cluster is similar
to the Northern Interior cluster (based on the DAPC, FIS, and pairwise FST), the Interior genetic cluster
shows a vastly different demographic history with multiple population bottleneck events occurring 4,000
to 100,000 years ago (Figure 3, Supporting Information Figures S8, S9).  The Northern Interior genetic
cluster shows the oldest population bottleneck with a long consistent decline in effective population size
occurring 50,000 to 300,000 years ago (Figure 3, Supporting Information Figure S9). Even though the
northern coastal cluster and the California cluster are genetically distinct, they show similar
demographic histories, with population bottleneck events occurring from 1000 to 100,000 years ago
(Figure 3, Supporting Information Figure S10, S11). The main difference between demographic histories
between coastal clusters is that the northern coastal cluster shows one long consistent decline in
effective population size whereas the California cluster shows multiple bottlenecks and plateaus over
that time period (Figure 3, Supporting Information Figure S10, S11). 
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Patterns of Selection

All three methods used to make inferences on selection showed similar results across both datasets.
General patterns for each metric were similar across genetic clusters, with the exception of Tajima’s D
for the northern coastal cluster. � = dn/ds and Ts/Tv were the same across genetic clusters within each
dataset. While Tajima’s D values varied across genetic clusters within each dataset. For dataset one,
8542 unique coding sequences contained polymorphisms; 74.72 % of those had a dn/ds > 1, 18.06% had
a dn/ds < 1 and 7.21% had a dn/ds = 1. For dataset two, 9171 unique coding sequences contained
polymorphisms; 73.94% had a dn/ds > 1, 18.65 % had a dn/ds < 1 and 7.41% had a dn/ds equal to one.
For Ts/Tv ratios, in dataset one 97.22% percent of SNPs existed in windows greater than the 0.5
equilibrium value, and in dataset two 97.54% of SNPs existed in windows greater than the equilibrium
value.

In both datasets, the northern coastal cluster showed the highest number of SNPs that occur in windows
with Tajima’s D within the simulated critical bounds and below the lower critical value, followed by a
smaller number of SNPs that occurred in windows above the higher critical value (Table S5). While the
other three genetic clusters showed similar mixtures of SNPs occurring in windows above, within and
below their respective critical values (Table S5). 

Genomic offset

Our genomic offset analysis identi�ed many climate variables that are related to population structure
(Supporting Information Figures S1, S12, Tables S1, S2) and showed that even in an optimal climate
scenario some areas are at high risk of maladaptation, whereas other areas are at very little risk. Current
observed population structure was modeled using current climate data (Supporting Information Figure
S12, Supporting Information Tables S1-S2), suggesting the climate variables used in the analyses
(Supporting Information Figure S1, Tables S1-S2) are important for population structure. Modeling the
current observed population structure also provided a robust initial G x E coordinate for calculating
genomic offset, which helped support the robustness of the projections. Areas with higher risk of
maladaptation are the inland northwest, British Columbia, portions of the southwest and patchy areas in
the great plains and Montana/Wyoming based on the SSP 270 climate scenario in 2041-2070 (Figure 4). 

Genome x environment association (GEA)

Our analysis identi�ed many candidate loci that are strongly correlated to spring, summer and winter
moisture. Genome and environment relationships were best shown by the sparse partial least squares
regression (sPLS) compared to the redundancy analysis (RDA), suggesting stronger evidence of
association of the loci identi�ed using the sPLS. The candidate loci identi�ed from the sPLS have
biological functions related to water stress and developmental pathways, further supporting the role of
these genes in environmental responses. For dataset one, 4711 SNPs were associated with Summer
precipitation, Winter Precipitation, and Continentality (TD) and produced an adjusted R2 of 0.102. From
those SNPs, 1426 were associated with Summer Precipitation, 1159 with Winter Precipitation and 2126
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with TD. When the RDA was rerun using only these 4711 SNPs and the three climate variables, the
adjusted R2 increased to 0.20. When using Summer precipitation, Winter Precipitation and Spring
Relative Humidity, a similar adjusted R2 of 0.102 was observed and signi�cant 3288 SNPs were
identi�ed. From those SNPs, 1249 were associated with Summer Precipitation, 922 with Winter
Precipitation and 1117 with Spring Relative Humidity.  When the RDA was rerun using these 3288 SNPs
and the second set of climate variables the adjusted R2 increased to 0.17.

For dataset two, 3147 SNPs were associated with Summer precipitation, Winter Precipitation, and TD,
produced an adjusted R2 of 0.08 and identi�ed 9762 candidate loci. A total of 2787 SNPs were
signi�cantly associated with summer precipitation, 3347 were signi�cantly correlated with winter
precipitation and 3628 SNPs were correlated with yearly TD. When Spring relative humidity, summer
precipitation and winter precipitation were used in the RDA, an adjusted R2 of 0.09 was observed and
8854 candidate SNPs were identi�ed. A total of 2153 SNPs were correlated with summer precipitation,
2835 SNPs were correlated with winter precipitation, and 3866 SNPs were correlated with spring relative
humidity. 

For dataset one, when all SNPs and all environmental variables were used the sparse partial least
squares regression derived functions that were to explain an average of 15.32% of variance in the SNP
matrix and an average of 29.5% of variation in the environmental data. The top one percent contributions
of loadings for the original sPLS components consisted of 6672 SNPs and thus were chosen as
candidate loci. The sPLS was then rerun with these 6672 SNPs and all environmental variables.  The new
sPLS function was able to explain an average of 83.08% of variation in the SNP matrix and an average of
28.47% of variation in the environmental data. Elevation and Winter precipitation were the two variables
in the 1% quantile of loadings for environmental data and thus chosen as the two variables with the most
explanatory power for dataset one. When the sPLS was rerun with the 6672 SNPs and just elevation and
winter precipitation, the sPLS functions were able to explain an average of 83.08% of variation in the SNP
matrix and 83.46% of variation in the environmental matrix.

For dataset two, when the sPLS was run with all SNPs and all environmental variables the sPLS
functions were able to explain 11.65% of variation in the SNP matrix and 19.17% of variation in the
environmental data. 6246 SNPs in the second dataset were in the 1% quantile of loadings for this
original sPLS function and thus were chosen as candidate loci.  The sPLS was rerun with these 6246
SNPs and all environmental variables, resulting in an average variation explained of 73.78% in the SNP
data and 19.00% in the environmental data. Spring relative humidity and summer precipitation were the
two environmental variables in the 1% quartile for the environment data and therefore chosen as the two
most explanatory environmental variables for dataset two. When the sPLS was rerun with the 6462
candidate loci and spring relative humidity and summer precipitation an average of 73.78% of variation
was explained in the SNP matrix and 88.53% of variation in the environmental data. The much higher
variance explained using the sPLS for both datasets indicates that the sPLS was a much better �t for our
dataset leading to more robust associations between SNPs and environment variables. The candidate
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loci identi�ed from both datasets using the sPLS were used for further analysis via functional
annotation.      

PCA of candidate loci for each dataset along with their respective climate variables are shown in Figure
5. Each PCA shows stark differentiation among genetic clusters and some within genetic cluster
variation. These show that the alleles that occur in the California cluster are generally associated with
higher winter precipitation and spring relative humidity, but lower summer precipitation (Figure 5). The
northern coastal cluster has alleles associated with increasing winter precipitation, summer precipitation
and elevation but relatively similar spring relative humidity (Figure 5). The southwest and great plains
cluster also has alleles that are associated with a gradient of winter precipitation, summer precipitation
and elevation and an overall lower spring relative humidity compared to coastal clusters (Figure 5).
Interestingly, CA 993 clusters closer to the Northern Coastal Cluster sources in these candidate loci, but
when all SNPs are considered the seed source clusters with the California coastal cluster. This is a high
elevation seed source and may have a climate more similar to the Northern Coastal Cluster rather than
coastal California.                        

Functional annotations and enrichment analysis

 For dataset one, snpEFF identi�ed that 93.217% of candidate loci had a modi�er effect, that is a change
in protein structure, along with another 4.361% having a moderate effect. 65.622% of SNPs were
missense variants with another 31.734% being silent variants. 84.58% of candidate loci were in introns
with 15.42% being in exons. There was an overall Ts/Tv ratio of 2.4307. Eggnog identi�ed 1282 unique
genes from gene prediction that were involved in 277 unique KO terms and 3124 unique GO terms.
Twelve of those KO terms were over-represented, and 157 GO terms were over-represented (Table 2,
Supporting Information Figure S13). Metabolic and environmental adaptation pathways were the
common pathways of over-represented KO terms (Table 2). Over-represented GO terms included
response to abiotic stress, defense pathways, signal transduction, transcript regulation, metabolism and
cell/organelle development (Supporting Information Figure S13       ). For Dataset two, snpEFF identi�ed
93.437% of candidate loci as having a modi�er effect along with another 3.934% having a moderate
effect.  Missense variants accounted for 61.011% of variants and 36.18% were silent variants; 83.41% of
variants were in introns and 16.59% were in exons. The overall Ts/Tv ratio was 2.4252. Eggnog identi�ed
948 genes from gene prediction that were involved in 212 unique KO terms and 2715 unique GO terms.
11 KO terms and 135 GO terms were over-represented (Table 2, Supporting Information Figure S14).
Similar pathways and GO term functions seen with the �rst dataset were found with these over-
represented terms for dataset two. Queries for all candidate loci, ortholog metrics, KO and GO terms are
shown in Supporting Information table S6.

The most abundant A.thaliana orthologs for both datasets are shown in Table 3. Similar abundances of
proteins are seen across both datasets, showing consistency of sPLS across datasets. Genes producing
proteins such as non-speci�c serine/threonine protein kinase (EC 2.7.11.1), Protein kinase domain-
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containing protein and RING-type E3 ubiquitin transferase (EC 2.3.2.27) were some of the most abundant
orthologs identi�ed. 

Genes producing proteins such as Peroxidase (EC 1.11.1.7), ADP-ribosyl cyclase/cyclic ADP-ribose
hydrolase (EC 3.2.2.6) and P-loop containing nucleoside triphosphate hydrolases superfamily protein
were also very common. Other interesting orthologs identi�ed included genes that produce Leucine-rich
repeat protein kinase family proteins, Kinesin-like proteins, 2-oxoglutarate (2OG) and Fe (II)-dependent
oxygenase superfamily proteins. The explained variance across SNP and environmental datasets from
the sPLS along with the level of effect in variants and the biological relevance of over-represented KO
terms, GO terms and A.thaliana orthologs, all support a strong association of the loci with the
environmental variables identi�ed.

Discussion
Genome-wide analysis supports the presence of 3-4 genetic clusters currently in the species

The results of our study provide an update in the storied saga of population structure in Ponderosa pine.
Our results support 3 or 4 distinct clusters within Ponderosa pine; a California cluster, a northern Coastal
Cluster, an Interior cluster and potentially a Northern Interior cluster.  Our results show limited support
for the southwestern Ponderosa pine variety (Pinus ponderosa subsp. brachyptera) and the great plains
variety (Pinus ponderosa subsp. readiana) (Conkle and Critch�eld 1988; Potter et al. 2013; Callaham et
al. 2013; Willyard et al. 2017); as dataset one shows individuals from the Southwest to South Dakota
cluster together (Figure 1, Supporting Information Figures S2-S4). Montana and Wyoming appear to be
slightly differentiated from the rest of the intermountain west which disagrees with Conkle and
Critch�eld 1988, Potter et al. 2013, Callaham et al. 2013 and Willyard et al. 2017. However, pairwise FST
and ordination distance on the DAPC suggest gene �ow is still occurring between the interior and
northern interior clusters; which does provide some support for Little 1971’s var scopulorum.
Interestingly, our results somewhat mirror differentiation in the coastal portion of the Ponderosa pine
seen in Conkle and Critch�eld 1988, and Callaham et al. 2013; with the main difference in our results
showing California is differentiated from Washington, Oregon and Idaho. While our study does not have
an outgroup to con�rm phylogenomic results and designate true variety differences; our study does
suggest there is a need to update current variety distinctions. Future studies could use modern
phylogenomic techniques to provide more concrete variety distinctions. 

Bottleneck events have a large effect on current population structure 

The results of Stairway Plot 2 suggest that broad and �ne scale bottlenecks from the mid-Pleistocene to
the Holocene played a major role in the strongly structured genetic clusters we see today. The extremely
high effective population size that each genetic cluster had (40-50 million individuals) ca. 400-500 kya,
would suggest much higher continuity in populations of Ponderosa pine in the mid-Pleistocene. This
continuity in Ponderosa pine populations most likely lessened with each bottleneck; furthering
differentiation across genetic clusters with each subsequent bottleneck due to random losses of alleles
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and reduced corridors for gene �ow (Nei et al. 1975, Hewitt 1996; Charlesworth 2002). As effective
population size decreased over time, the effectiveness of selective forces most likely steadily rose (Ohta
1992, Lanfear et al. 2014; Chen et al. 2017); further differentiating genetic clusters.                   

The speci�c paleoecological events that match estimated population bottlenecks are as follows. The
Mid-Bruhnes event occurred ca. 430 thousand years ago (kya) (Head and Gibbard 2015;      Barth et al.
2018), our demographic modeling shows strong declines in the lower con�dence bounds in all clusters
around that time. A Milankovitch forcing event, a sudden cooling and warming based on gain and loss of
ice, is believed to have occurred around 100kya (Andrews and Dyke 2007), around that time our
demographic models show a strong decline in Ne followed by subsequent stability in the interior,
California, northern coastal clusters  and a smaller decrease in effective population sizes in the northern
interior cluster. There was a major Yellowstone glacial advance estimated to have occurred 70-45 kya
(Clark and Bartlein 1995), in that time period we see a sharp decline in effective population size of the
northern interior cluster (the closest cluster to that glacier), a small decline in the California and Northern
Coastal Clusters but stability in the Interior cluster. Another Yellowstone glacial advance was believed to
occur from 47-54 kya (Clark and Bartlein 1995), which coincides with another small decline in Ne in the
northern interior cluster and a steady decline the Northern Coastal cluster, but stability in the interior and
California clusters, which are much further away from that glacial advance. Glacial advances across the
Northern Rocky Mountains were also believed to occur 34-47 kya (Clark and Bartlein 1995), which
coincides with a continuing decline in the northern coastal cluster but stability in all other clusters. The
stability of the Northern interior cluster in this time, and from there on, may indicate populations were
existing in refugia with high and consistent levels of protection from other glacial advances and climatic
events due to the strong die off seen in previous events.   From 22.5-30kya a glacial advance occurred in
the Rocky Mountains (Clark and Bartlein 1995), in that time we see a sharp decline in Ne in the Interior
cluster, a consistent continuing decline in the northern coastal cluster, the beginnings of a decline in the
California cluster and stability in the northern interior cluster. A glacial advance then occurred between
15.5-19.5 kya (Clark and Bartlein 1995), where we see the end of a sharp decline in the interior cluster, a
sharp decline in the California cluster, and the continued consistent decline in the Northern Coastal
Cluster. A multi-millennia long drought is believed to have occurred from 14.5kya to 12.9kya (Polyak et
al. 2012), in this time we see a drop in Ne in the lower con�dence intervals of the interior cluster, along
with a strong drop in Ne that occurs after this time period in the mean projection. The northern coastal
cluster also shows the continuing consistent decline during that time period. Interestingly, we see
relative stability in the California and northern interior clusters across all other clusters during this time,
which potentially suggests not all portions of North America experienced that drought. A cold event is
believed to occur around 8.2kya (Dean et al. 2002), during that time we see sharp die-offs in all clusters
besides the northern interior cluster. From 4-8kya, a general decline in temperature was combined with
general increases in moisture (Shuman and Marsicek 2016). During this time period, high variability in
both temperature and moisture is still believed to have occurred (Shuman and Marsicek 2016).
Decreases in Ne in the 4-8kya time period are observed in all clusters besides the northern interior
cluster. During this cooler and wetter period, Ponderosa pine might have been outcompeted by other



Page 17/34

faster-growing high elevation conifers, causing this bottleneck event. Bottlenecks due to competition
may be seen again 2-4kya, as there was another large increase in moisture and cooler temperatures
(Shuman and Marsicek 2016); we see relative stability in the interior and northern interior clusters but
declines in both the California and northern coastal clusters. The stability seen in the interior clusters
during this time period suggests that around 4 kya the cluster reached its current occurrence. Whereas
the current occurrence for the California and northern coastal clusters may have not occurred until after
this event ended 2 kya.        

Spatially heterogeneous selection shapes population structure      

Heterogenous environments combined with moderate to high levels of gene �ow that occur within each
genetic cluster provide a basis for excess heterozygosity indicative of balancing selection.        Our GEA
analyses suggest that winter, spring and summer moisture availability act as the most important
selection pressures that currently affect Ponderosa populations. Moisture availability varies greatly
among and within genetic clusters (Supporting Information Table S2, S3) (Dixit et al. 2022). Pairwise FST
(Supporting Information Figures S3 and S4) and DAPC (Figure 1) both suggest at least moderate levels
of gene �ow occurring within all genetic clusters, despite the stark environmental gradients (Supporting
Information Table S2, S3). Certain alleles are most likely favored in speci�c environments (Figure 5)
(Wright 1931; Levene 1953; Deakin 1966; Christiansen 1974), but can still be dispersed to other areas
within genetic clusters where they may be less favored or selected against; helping to create an
abundance of heterozygotes even with numerous bottleneck events (Slatkin 1987; Yeaman and Whitlock
2011; Comeault et al. 2014; Laurent et al. 2016). We saw one high elevation southern California seed
source (CA 993) showing similar alleles across candidate loci as the northern coastal cluster (Figure 5).
This could be due to similar climates independently favoring speci�c alleles (Wright 1931; Levene 1953;
Deakin 1966; Christiansen 1974), creating similar populations despite minimal chances of gene �ow, or it
could be due to a remnant of when California and northern coastal states had higher continuity before
the numerous bottlenecks occurred. Future studies should examine the occurrence of selection over
time using simulation methods or fossil records.

While it is di�cult to untangle whether demographic events or selection solely created differentiation in
speci�c loci, our results show the importance of the interplay between both demographic history and
selection in shaping what researchers see today out on the landscape (Lenormand 2002; Charlesworth
2003). Our results show signatures of balancing selection maintain the majority of SNPs identi�ed,
based on dn/ds, a high Ts:Tv bias and Tajima’s D. Purifying selection and neutral evolution most likely
play smaller roles in maintaining the SNPs we identi�ed. The unique patterns of selection seen in the
northern coastal cluster in the Tajima’s D analysis highlights the sensitivity of that metric to demographic
history; as similar start and end Ne’s are seen in that cluster but the magnitude of bottlenecks are much
smaller creating a wider distribution for possible neutral values of Tajima’s D. Furthermore, Our results
echo the common sentiment of the importance of demographic history on making inferences of
selection as our Tajima D results would be very different if we didn’t create unique neutral Tajima’s D
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distributions for each genetic cluster and relied on the unit normal distribution, N(0,1), that Tajima’s D
theoretically approximates (Tajima 1989).

Ecological implications of GEA Candidate Loci

The importance of moisture availability in tree health is common knowledge, and our results suggest
moisture variables would be an important factor to keep in mind for assisted gene �ow or assisted
migration (Aitken and Whitlock 2013). The changes in allele frequency in response to changing climate
variables (Figure 5) further supports that certain alleles are favored under speci�c moisture conditions
(Wright 1931; Levene 1953; Deakin 1966; Christiansen 1974). Furthermore, the overrepresented
functions (Table 3) on candidate loci suggest unique drought and stress responses occur among each
genetic cluster speci�c to local moisture regimes. Our study provides a foundation for future studies to
explore if these allele and climate associations offer robust indicators of seed source transfer
performance in restoration settings. Speci�cally, if seed sources that exist currently in drier conditions
can perform well in areas that are projected to be drier in the future. Future studies should also explore
the plasticity of speci�c alleles seen in candidate loci to better determine if seed sources need to be
transferred to new areas or not.

Increased risk of maladaptation evidenced by genomic offset

Our genomic offset reveals that areas across all genetic clusters are at-risk of maladaptation most likely
due to drastic shifts in future climate.   Portions of the range with the highest genomic offset
(Southwest, Great Plains, portions of California, Paci�c Northwest), and thereby predicted to be at higher
risk of maladaptation coincide with recent studies showing altered survival, growth and phenology in
response to changing climate  (Martinez-Berdeja et al. 2019), increased mortality events (Klenner et al.
2009; Kolb et al. 2019), reduction in growth, regeneration, and seedling survival, as a consequence of
climate change and other compounding factors such as bark-beetle outbreaks and higher intensity �res
(Kolb et al. 2007, 2019; Petrie et al. 2023). Our results don’t necessarily suggest that demographic events
and selection have resulted in an overarching un�t species of Ponderosa pine. Risk of maladaptation is
more likely due to climate projections suggesting rapid changes in a short amount of time (IPCC 2014).
However, the evidence of spatially heterogeneous selection seen in each genetic cluster may be of
bene�t as advantageous alleles for future climates may already be out on the landscape.  

Genomic offset is a relatively new method and a rapidly developing �eld of study that still needs �eld-
based tests to con�rm model projections, even with all due diligence conducted by investigators. The
overlap in predicted maladaptation and negative effects seen in �eld surveys does support our
projections (Klenner et al. 2009; Martinez-Berdeja et al. 2019; Kolb et al. 2007, 2019; Petrie et al. 2023).
Higher genomic offsets have also been correlated with negative effects in common gardens in other
systems (Lind et al. 2024), suggesting this method does provide robust inferences. 

Conclusions
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In summary, genome-wide data suggests the need to update varieties within Ponderosa pine. We found
strong evidence of demographic events and spatially heterogeneous selection shaping population
structure. Numerous bottlenecks combined with purifying selection, spatially heterogeneous selection
and neutral events all contributed to the current population structure we see today. Moisture related
variables were the most important selection pressures causing differentiation. We found evidence to
support that evolutionary events that shape current population structure can also play a role in
maladaptation risk in the future. 
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Figure 1

(a) Sampling locations of dataset one are colored by the DAPC genetic cluster. (b) Seed sources from
dataset two are colored by genetic cluster from the DAPC results. (c) DAPC of dataset one with State as
population label. Top left cluster is the interior West, bottom middle cluster is California, top right cluster
is Paci�c and Inland Northwest. (d) DAPC of dataset two  with seed source as population label. Top left
cluster is most of California seed sources, bottom left cluster is Eastern Washington, Idaho and
Northeastern California seed sources, top right cluster is Arizona New Mexico seed sources, bottom
right is Montana and Wyoming seed sources.
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Figure 2

(a) Nucleotide diversity across sampling locations in dataset one. (b) Nucleotide diversity across seed
sources in dataset two (c) Private alleles across sampling locations in dataset one (d) Private alleles
across seed sources in dataset two (e) Inbreeding coe�cient (FIS) across sampling locations ordered
West to East in dataset one (f) Inbreeding coe�cient (FIS) across seed sources ordered West to East in
dataset two. Colors are based on genetic clusters determined by the DAPC in Figure 1.
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Figure 3

Modeled change in effective population size over time (log  scale)from stairway plot for each genetic
cluster found in dataset two. Red lines indicate mean estimates, while gray lines indicate 90,75,25,10
percent quantiles respectively. Overlaid are Ne estimates following major bottleneck events. Full detailed
plots of demographic history for each genetic cluster are found in Figures S8-S11. (a) Starting median
estimates of Ne for the interior cluster is ca. 40,000,000 while current median Ne is ca. 20,000. (b)
Starting median estimates of Ne for the Northern interior cluster is 45,000,000 while current median Ne
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is ca. 900,000. (c) Starting median estimates of Ne for the California cluster is ca. 40,000,000 while
current median Ne is ca. 8,500. (d) Starting median estimates of Ne for the Northern Coastal Cluster is
ca. 40,000,000 while current median Ne is ca. 5,500.

Figure 4

(a) Genomic offset predictions for 2041-2070 SSP 270 based on dataset one. (b) Genomic offset
predictions for 2041-2070 SSP 270 based on dataset two. Darker Red pixels indicate higher genomic
offset values, while cooler blue pixels indicate closer to zero genomic offset.
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Figure 5

Biplot of candidate SNPs and important environmental variables denoted from the sPLS. Individuals are
shown colored by the genetic cluster from Figure 1 and Figure 2. Greens represent the interior cluster,
cyans represent the northern interior cluster, red represent the northern coastal cluster and dark blues
represent the California cluster. In dataset one PC 1 accounts for 96.19 percent of variation and PC 2
accounts for 3.57 percent of cumulative variation. In dataset two  PCA accounts for 73.94 percent of
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variation, PC2 accounts for 11.25 percent of cumulative variation. Vectors represent where speci�c
variables increase, that is, following the vector from 0 outward each variable goes up while on the other
side of the line the variable goes down. (a) Allele changes in response to increasing elevation are seen
left to right, while allele frequency changes in response to increasing winter precipitation are seen top to
bottom; (b) shows how allele frequency changes in response to increasing spring relative humidity are
seen right to left in the plot. Allele changes in response to increasing summer precipitation are seen
along a diagonal top left to bottom right in the �gure.
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