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Ecological genomics approaches have informed us about the structure of genetic diversity in natural populations that might underlie patterns in trait variation. However, we still know surprisingly little about the mechanisms that permit organisms to adapt to variable environmental conditions. The salt marsh foundation plant Spartina alterniflora exhibits a dramatic range in phenotype that is associated with a pronounced intertidal environmental gradient across a narrow spatial scale. Both genetic and non-genetic molecular mechanisms might underlie this phenotypic variation. To investigate both, we used epigenotyping-by-sequencing (epiGBS) to evaluate the make-up of natural populations across the intertidal environmental gradient. Based on recent findings, we expected that both DNA sequence and DNA methylation diversity would be explained by source population and habitat within populations. However, we predicted that epigenetic variation might be more strongly associated with habitat since similar epigenetic modifications could be rapidly elicited across different genetic backgrounds by similar environmental conditions. Overall, with PERMANOVA we found that population of origin explained a significant amount of the genetic (8.6%) and epigenetic (3.2%) variance. In addition, we found that a small but significant amount of genetic and epigenetic variance (<1%) was explained by habitat within populations. The interaction of population and habitat explained an additional 2.9% of the genetic variance and 1.4% of the epigenetic variance. By examining genetic and epigenetic variation within the same fragments (variation in close-cis), we found that population explained epigenetic variation in 9.2% of 8,960 tested loci, even after accounting for differences in the DNA sequence of the fragment. Habitat alone explained very little (<0.1%) of the variation in these close-cis comparisons, but the interaction of population and habitat explained 2.1% of the epigenetic variation in these loci. Using multiple matrix regression with randomization (MMRR) we found that phenotypic differences in natural populations were correlated with epigenetic and environmental differences even when accounting for genetic differences. Our results support the contention that sequence variation explains most of the variation in DNA methylation, but we have provided evidence that DNA methylation distinctly contributes to plant responses in natural populations.
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INTRODUCTION

The importance of genetically based variation within species has been well accepted in the field of evolutionary biology, but further analyses are required to understand the mechanisms that enable organisms to adapt to conditions in novel or challenging environments. In addition to patterns of genetic variation that have been associated with different environmental challenges (Bock et al., 2015; Hodgins et al., 2015; Neinavaie et al., 2021), increasing evidence suggests that epigenetic variation (e.g., alterations to DNA methylation, small RNAs, and chromatin remodeling) plays a role in ecology, and that this variation can be both environmentally induced and contribute to phenotypic plasticity (Cortijo et al., 2014; Medrano et al., 2014; Robertson and Richards, 2015; Banta and Richards, 2018; Ashe et al., 2021; Mounger et al., 2021a; Stajic and Jansen, 2021). This additional source of variation may be particularly important for sessile organisms such as plants, given that individuals are unable to migrate away from stressors (Dodd and Douhovnikoff, 2016; Balao et al., 2018). Many plant species persist across broad ranges in environmental conditions, and phenotypes are known to vary in response (Schlichting, 1986; Des Marais et al., 2013; Gratani, 2014). The association of phenotypic variation with environmental variation is particularly evident in coastal ecosystems, where plant species are exposed to substantial fluctuations in inundation, salinity, and soil conditions (Pennings and Bertness, 2001; Richards et al., 2005; Lewis et al., 2021). As plants increasingly face habitat loss, competition from invasive species, and extreme weather conditions resulting from anthropogenic global change, rapid phenotypic modifications moderated by epigenetic mechanisms may be an important component of response (Nicotra et al., 2010). This source of variation could be especially important in ecosystems impacted by the most dramatic intensifications or shifts in climatic and habitat conditions (Nicotra et al., 2015; Burggren, 2016; Jueterbock et al., 2020; Mounger et al., 2021b).

Our understanding of the role of epigenetic regulatory mechanisms in plant trait response is primarily based on research with model organisms or from agriculture (Niederhuth and Schmitz, 2017; Balao et al., 2018; Miryeganeh and Saze, 2020). In these contexts, epigenetic mechanisms such as DNA methylation and histone modifications have been shown to play a role in stress response to salinity, drought, temperature, fluctuating nutrient levels and UV radiation (reviewed in Miryeganeh (2021)). However, the examination of these relationships in more natural settings is expanding (Richards et al., 2017; Jueterbock et al., 2020; Sarma et al., 2020, 2021; Mounger et al., 2021a,b; Boquete et al., 2022). For instance, several population epigenetics studies have demonstrated that DNA methylation varies with population structure and habitat (Lira-Medeiros et al., 2010; Paun et al., 2010; Schulz et al., 2014; Xie et al., 2015; Foust et al., 2016; Herrera et al., 2017; Gao et al., 2019; Gáspár et al., 2019; Mounger et al., 2021b). Studies of non-model plant species have also shown changes in DNA methylation that are associated with community composition (van Moorsel et al., 2019), abiotic stress response (Verhoeven et al., 2010; Nicotra et al., 2015; Li et al., 2020; Boquete et al., 2022), biotic interactions such as herbivory (Herrera and Bazaga, 2011; Alonso et al., 2019), and transgenerational plasticity (Herman and Sultan, 2016; Puy et al., 2021a,b). Despite this body of work, few studies have simultaneously analyzed genetic, epigenetic, and environmental factors to establish if and how much they each contribute to functional variation (e.g., Herrera et al., 2017; Wang et al., 2017).

Spartina alterniflora L. (Poaceae) populations provide a unique opportunity to explore the mechanisms that underlie phenotypic response to environmental challenges. Throughout the native range of S. alterniflora, a predictable change in phenotype is associated with repeated instances of the intertidal environmental gradient (Figure 1). On the leading edge of the shoreline, plants grow tall, sometimes exceeding 2 m in height. As elevation climbs away from the water, plants decrease in height and may not reach 0.25 m at the highest elevations (Pennings and Bertness, 2001; Richards et al., 2005; Voors, 2018). Plants along this gradient are exposed to tides at varying frequency, with plants in the low marsh (closest to tidal creeks and bays) experiencing regular tidal inundation and plants in the high marsh receiving less frequent exposure to flooding. Salt deposits accumulate to a greater degree in the high marsh soil as a combined result of evapotranspiration and diminished tidal flushing (Bertness and Ellison, 1987; Pennings et al., 2005). In addition, differences in competition, edaphic conditions, water content, elevation, and herbivory can drive phenotypic variation in this species (Richards et al., 2005; Wiêski and Pennings, 2014; Zerebecki et al., 2017; Voors, 2018). Previous studies on whether the phenotypic differences in so called short-form versus tall-form S. alterniflora are genetically based have been equivocal (Stalter and Batson, 1969; Shea et al., 1975; Valiela et al., 1978; Gallagher et al., 1988). However, a recent reciprocal transplant study demonstrated that plants from the high and low marsh habitats were differentiated genetically and in several plant traits, which translated into fitness differences, supporting the hypothesis of local adaptation (Zerebecki et al., 2021).
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FIGURE 1. Trait variation in Spartina alterniflora is correlated with tidal inundation across the marsh. Tall-form plants (>2 m) grow adjacent to tidal creeks in the low marsh where they are inundated daily. Plants decrease in height across increasing elevation such that short-form plants (<0.25 m) are found in the high marsh where exposure to tidal flooding is less often and for less duration. Perigean spring tides are extremely high tides often referred to as “King Tides” which reach the highest elevation in the marsh. They happen 6–8 times a year and inundate the entire salt marsh community (see: https://oceanservice.noaa.gov/facts/perigean-spring-tide.html).


In addition to well-documented differences in plant traits that are associated with environmental variation, native populations of S. alterniflora harbor high genetic diversity within natural populations (Richards et al., 2004; Travis et al., 2004; Hughes and Lotterhos, 2014; Foust et al., 2016; Zerebecki et al., 2021). This high genetic diversity could allow for fine-scale differentiation across the landscape considering the persistent differences in habitats. This species is known to be resilient to both natural (Pennings and Bertness, 2001; Edwards et al., 2005; Pennings et al., 2005) and anthropogenic stressors (Lin and Mendelssohn, 2012; Lin et al., 2016; Robertson et al., 2017; Alvarez et al., 2018). Response to these environmental conditions may be attributable to both genetic and non-genetic variation. For instance, recent work in S. alterniflora has shown that differences in DNA methylation were associated with different natural habitats (Foust et al., 2016), exposure to crude oil (Robertson et al., 2017) and with hybridization and allopolyploidization events that occurred during the process of invasion (Salmon et al., 2005). However, linking molecular mechanisms to trait variation and fine-scale environmental variation remains a daunting task.

Strategic application of multivariate statistics allows us to gain some insight into the relationships between genetic, epigenetic, environmental and phenotypic variation (Herrera et al., 2017; Wang et al., 2020). In this study, we used epigenotyping-by-sequencing (epiGBS) combined with measures of environmental factors and plant phenotypic variation to associate patterns of genomic and epigenomic diversity with environmental and phenotypic variation in natural S. alterniflora populations. We expected that DNA sequence variation would be explained by source population and habitat type (low and high marsh) within populations. We also predicted that DNA methylation patterns would be explained by both source population and habitat type, but more strongly associated with habitat type, since across genetic backgrounds similar epigenetic modifications could be elicited in response to similar environmental conditions. Finally, we used multiple matrix regression analysis with randomization (MMRR) to evaluate associations of a phenotypic distance matrix with matrices of genetic, epigenetic, and environmental distances. We predicted that the epigenetic differences and environmental differences would associate with differences in traits, even when accounting for genetic distances.



MATERIALS AND METHODS


Study Species and Site Description

Spartina alterniflora is a coastal salt marsh foundation species (sensu Ellison, 2019) that alters environmental conditions, builds land through the accumulation of sediments and organic matter, provides nursery grounds for numerous fish species, regulates trophic interactions, and serves as a crucial primary producer within subtropical and temperate estuarine environments (Pennings and Bertness, 2001; Lewis and Eby, 2002; Hughes and Lotterhos, 2014; Bertness, 2020; Hays et al., 2021). This species reproduces clonally by rhizomes (Pennings and Callaway, 2000), and sexually through completely outcrossed seeds (Somers and Grant, 1981). The relative contribution of each type of reproduction is unknown, but these populations have average levels of genetic diversity compared to non-clonal outcrossing species with otherwise similar life history characteristics (sensu Hamrick and Godt, 1996; Zerebecki et al., 2021).

We collected S. alterniflora individuals in two habitat types (low, or seaward, and high, or landward, parts of the salt marsh) at three sites near Charleston, South Carolina: Fort Johnson (N 32.74910; W 79.89822), Folly Beach (N 32.64436; W 79.96564), and Bowens Island (N 32.68027; W 79.95389; Figure 2). Mean tidal range at these sites is between 1.59 and 1.65 m (U.S. NOAA National Ocean Service, Charleston, Cooper River Entrance, SC – Station ID: 8665530; Highway 171 Bridge, Folly Creek, SC – Station ID: 8665424; Folly River Bridge, Folly River, SC – Station ID: 8666652). The salt marshes within each site were typical of those in the southeastern United States, with S. alterniflora as the dominant plant species occurring across a wide range of salinity and soil conditions (Pennings and Bertness, 2001; Richards et al., 2005; Voors, 2018). We defined each site as a distinct population of potentially interbreeding individuals based on previous work in these locations (Zerebecki et al., 2021). The low marsh habitat occurred near tidal creek banks, was tidally inundated daily, and was characterized by the so-called tall-form of S. alterniflora (average height of 131 cm; Voors, 2018). The high marsh habitat was flooded less frequently, had higher soil salinity, and supported the short-form of S. alterniflora (average height of 53 cm; Voors, 2018).
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FIGURE 2. Map of the James Island region near Charleston, South Carolina, United States. We sampled from two habitats (low and high marsh) in three populations: Fort Johnson (FJ), Bowens Island (BI), and Folly Beach (FB).


During a 3-day period in August 2016, we established low- and high-marsh transects that ran parallel to the marsh-open water interface, and were separated by a minimum distance of 20 m. We ran a 50 m transect in each habitat at each site and laid down flags at randomly selected positions along each transect to establish ten 0.5 m × 0.5 m plots. The low marsh transects were within 2 m of tidal creeks. In a 0.25 m × 0.25 m quadrat in the center of each plot, we recorded densities of live and dead S. alterniflora stems. We then haphazardly flagged five stems in each plot and measured the stem height and the number of live leaves on each flagged stem. We collected a leaf sample from each flagged stem (i.e., 3 populations × 2 habitats × 10 plots × 5 stems = 300 individual plant samples) for (epi)genomic analyses and flash froze them in the field in liquid nitrogen before storing them long-term in −80°C. We collected an additional leaf tissue sample from each of the same 300 individuals for stable isotope analysis and kept them on ice in the field before freezing them in the lab. We measured redox, temperature, and salinity in a subset (min = 3) of plots along each transect. We also counted the number of snails present, measured porewater salinity and sediment respiration, and collected sediment samples from each plot. From the sediment samples obtained in the field, we recorded percent soil moisture, percent organic matter by loss-on-ignition, soil extractable ammonium (NH4+), soil extractable nitrate (NO3–), porewater NH4+, porewater NO3–, microbial biomass carbon (C), and microbial biomass nitrogen (N) in the lab as described in Voors (2018).



DNA Extractions and Library Prep

We extracted genomic DNA from the 300 samples using the Qiagen DNeasy plant mini kit according to the manufacturer’s protocol with some modifications (sensu Foust et al., 2016). We prepared epiGBS libraries for 288 samples using three sets of 96 barcodes to be sequenced on three lanes of the Illumina Hi-Seq platform following methods outlined in van Gurp et al. (2016) and modified in Boquete et al. (2020). We digested 400 ng of genomic DNA from each sample with the enzymes NsiI and AseI. We ligated methylated, non-phosphorylated, barcoded adapters with variable barcodes of lengths from four to six base pairs to either end of the resulting fragments. The barcoded adaptors were designed so that we could identify forward (“Watson”) and reverse (“Crick”) strands for each fragment within each individual. Having the strand information allows for differentiating between C/T polymorphisms and methylation polymorphisms because we can recreate when unmethylated cytosines were present in either strand before bisulfite treatment without sequencing untreated samples (for details see van Gurp et al. (2016)).

For each group of 96 samples, we allocated the samples across eight pools and cleaned and size-selected genomic DNA fragments greater than 200 bp using 0.8 × SPRI beads (Agencourt AMPure XP; Beckman Coulter). We repaired nicks between the 3′ fragment overhangs and the 5′ non-phosphorylated adaptor nucleotides using a mix of dNTPs and DNA polymerase I. We used the Zymo EZ Lightning methylation kit to bisulfite-treat the DNA. We amplified libraries with the KAPA Uracil Hotstart Ready Mix with the following PCR conditions: an initial denaturation step at 95°C for 3 min followed by 18 cycles of 98°C for 10s, 65°C for 15s, and 72°C for 15s, with a final extension of 72°C for 5 min. The University of Florida Interdisciplinary Center for Biotechnology Research (UF ICBR) sequenced paired-end reads of the libraries on three lanes of the Illumina Platform HiSeq3000 (2 × 150 bp) in March 2017. Many of the libraries resulted in poor sequencing quality and depth, so we repeated library preparations. This time, we meta-pooled samples following ligation to reduce heterogeneity during the remaining library preparation process. Then, we sequenced 293 samples on four lanes of the Illumina Platform HiSeq X Ten System (2 × 150 bp) at the Novogene facility in Hong Kong in January 2019. We found that there were significantly fewer average reads per lane in the first set of libraries than the second set (P < 10–16), but we could not detect significant differences in the overall read count between populations, habitats or their interaction between the two library preparations (Supplementary Figure 1). We combined the sequencing from all seven lanes of data for analysis.



Data Pre-processing

We used the epiGBS2 pipeline (Gawehns et al., 2022) based on the original epiGBS pipeline (van Gurp et al., 2016) to process the raw sequence data. We demultiplexed, quality trimmed sequencing reads, and removed the barcode sequences with the original scripts as previously described (van Moorsel et al., 2019; Mounger et al., 2021b). Then, we used the processed reads for de novo reference construction using a minimal sequencing depth of 100 and an identity threshold of 95% during clustering. We used the default parameters of the epiGBS2 pipeline to call single nucleotide polymorphisms (SNPs) and single methylation polymorphisms (SMPs). We annotated de novo reference sequences with DIAMOND (protein coding genes; NCBI non-redundant proteins as reference; version 0.8.22; Buchfink et al., 2015) and RepeatMasker (transposons and repeats; Embryophyta as reference species collection; version 4.0.6; Smit et al., 2013–2015). We used this annotation to identify de novo reference contigs mapping to genes, transposons, repeats, or none of these classes (Supplementary Table 1).

We filtered SNPs and SMPs to keep only loci with a minimum coverage of five (i.e., five sequencing reads mapping to each locus in the de novo reference) and a maximum coverage of 1,000 within each individual. This filtering eliminated regions that did not have enough coverage for SNP or SMP identification and ruled out artifacts that could result from repetitive regions that were collapsed into a single contig (Schmid et al., 2018b). We then removed individuals that were missing coverage for more than 50% of the SNPs or SMPs found in the entire data set. This filtering resulted in a final number of 211 samples for analysis. With these 211 samples, we removed SNPs and SMPs that were not present in at least 20 individuals per subpopulation. We also applied an additional filter removing loci with a minor allele frequency of 1% or less. We considered that these loci were probably actually monomorphic given the inaccuracies of sequencing technology (Yoder and Tiley, 2021).



Genetic Variation and Genetic Structure

We characterized genetic variation with three approaches. First, we estimated the proportion of polymorphic loci as the number of fragments that contained SNPs and the average number of SNPs/kb of sequence. We then calculated allelic richness (defined as the rarefied mean number of alleles per locus within each population and habitat within populations as in Mounger et al. (2021b) using the function allelic.richness from hierfstat package (Goudet, 2005). Finally, we determined the mean and standard deviation of observed gene diversity, and heterozygosity per locus, with the function basic.stats within hierfstat, which is based on Nei (1987). We also estimated overall observed heterozygosity, total genetic diversity, total among-population genetic diversity, mean within-population genetic diversity, and overall population differentiation with the function basic.stats. For these analyses, we used 8,767 SNPs with no missing values.

We tested for genetic differentiation within and among S. alterniflora populations using three different approaches. First, we used a multivariate ANOVA (or PERMANOVA) with genetic distances between individuals (DIST) as a dependent variable. We modeled the contribution of populations, habitats, and the interaction between populations and habitats as explanatory variables for genetic distance with 9,999 permutations (package vegan, version 2.5-7, function adonis; Oksanen et al., 2020). To do so, we used the formula DIST ∼ population + habitat + population:habitat. Note, whereas the “habitat” term tests for differences between habitats (high vs. low marsh) that are common across populations, the interaction tests for additional differences between habitats that are not shared among populations.

Second, we used distance-based redundancy analysis (dbRDA) to quantify the relationship between genome-wide genetic variation and population, habitat and their interaction. This time we used the function capscale implemented within the vegan package (Oksanen et al., 2020). RDA is an ordination technique that summarizes the main patterns of variation in the response matrix, i.e., the scaled allele frequency matrix created from the SNP data [obtained using the function scaleGen from adegenet v. 2.1.3 (Jombart, 2008; Jombart and Ahmed, 2011) with NA.method set to “mean”], which can be explained by our explanatory variables. We fit the following models:


1)Genetic distance ∼ population

2)Genetic distance ∼ population + habitat

3)Genetic distance ∼ population + habitat + population × habitat



We tested the significance of the variation explained by our explanatory variables using a Monte Carlo permutation test with 999 permutations and obtained adjusted R2 using the function RsquareAdj from the vegan package. We corrected p-values for multiple testing with false discovery rate (FDR; Benjamini and Hochberg, 1995) using the “fdr” method implemented with the p.adjust function in the base package of R.

Third, we obtained overall FST and pairwise FST values using the functions wc and genet.dist, respectively, from the package hierfstat. We calculated the confidence intervals of the pairwise FST values using the function boot.ppfst from the same package, with 999 permutations to determine whether FST values were significantly different from zero; that is, to find evidence of significant population differentiation. To identify candidate SNPs under selection, we used BayeScan v. 2.1 (Foll and Gaggiotti, 2008; Fischer et al., 2011). We corrected p-values for multiple testing with a significance threshold set to an FDR of 0.01.

Finally, we used a phylogenetic tree to assess the separation of populations and habitats based on genetic data. For this analysis, we used the same filtering process, but increased the MAF filter to include only MAF > 10% and excluded loci with any missing values. We concatenated the resulting 20,121 SNPs that survived this filtering and performed a maximum likelihood phylogenetic tree construction with IQ-tree (v 1.6.11) (Nguyen et al., 2015; Trifinopoulos et al., 2016; Hoang et al., 2018). We used the “general time reversible model with unequal rates and unequal base frequency,” and optimized base frequencies by maximum likelihood (GTR + FO; Tavaré, 1986). We used the codon model for DNA, which is an ultrafast bootstrap of 1,000 on 3 CPU cores. Other settings were left as default. We visualized the maximum likelihood tree with the R packages ape v. 5.5 (Paradis and Schliep, 2019) and scales v.1.1.1.9000 (Wickham and Seidel, 2020).



Epigenetic Variation and Epigenetic Structure

We calculated the DNA methylation level at each SMP within each individual sample (N = 211) as the number of reads mapping to one position that showed evidence of methylation (i.e., the bisulfite treatment did not convert the cytosine at that position) divided by the total number of reads mapping to that position. Then, we calculated the average level of DNA methylation for each sequence context (CG, CHG, and CHH) and across all contexts for plants grouped by habitat within each population (i.e., subpopulations) as well as the proportion of loci fixed for no methylation (i.e., methylation level ≤5% across ≥95% of the samples) and for full methylation (i.e., methylation level ≥95% across ≥95% of the samples).

We used a multivariate test for homogeneity of dispersions to estimate epigenetic diversity, i.e., variation in DNA methylation levels, following the approach of Anderson et al. (2006). This approach measures the average distance from each individual to their group centroid in a multivariate space using a dissimilarity measure. We argued previously that the distance from each individual sample to its population centroid in a multivariate space generated using an epigenetic distance matrix provides an estimate of the extent of the variation in DNA methylation, i.e., epigenetic variation (Mounger et al., 2021b). Then, the average distance of each population can be compared to test for significant differences in the amount of epigenetic variation among populations. Here, we applied the same logic to evaluate epigenetic variation within subpopulations. To do so, we generated pairwise epigenetic distance matrices by calculating the average difference in DNA methylation level across all cytosines between each pair of samples. Then, we used this matrix to calculate the distance between each individual sample and its subpopulation centroid using the function betadisper from the vegan package version 2.4-4 (Oksanen et al., 2020). We tested for differences in dispersion among subpopulations using a permutation-based test of multivariate homogeneity of group dispersions on the output of betadisper with 9,999 permutations. When this test was significant, we used the Tukey’s Honest Significant Difference test to check which subpopulations differed in their average distance to the centroid, i.e., in their levels of epigenetic variation. Finally, to compare genetic and epigenetic diversity levels, we used this approach to calculate the distance from each sample to its population centroid using genetic distance matrices. Genetic distances were calculated as the average distance of all per−SNP differences between two individuals. For each SNP, the distance was set to 0 if both alleles were identical, 0.5 if one allele was different, and 1 if both alleles were different (sensu Mounger et al., 2021b).

We tested for epigenetic differentiation within and among S. alterniflora populations using similar approaches as for genetic differentiation: (1) PERMANOVA, (2) dbRDA, and (3) a close cis analysis for each cytosine. To assess the effect of population and habitat on genome-wide epigenetic variation across all sequence contexts, or each separate sequence context (i.e., CG, CHG, and CHH), we used the same PERMANOVA model and dbRDA. We also evaluated overall epigenetic variation with and without accounting for genetic structure, using partial constrained dbRDA. Partial constrained dbRDA allows for “conditioning” the analysis of epigenetic variation with genetic data which we summarized with principal component analysis (PCA).

For the dbRDA, we used only SMPs with complete data, i.e., no missing values across samples. First, we summarized the genetic data into principal components (PCs) based on 68,317 SNPs with alleles with a minor allele frequency (MAF) > 1%. We used the first four PCs which combined explained ∼14% of the genetic variation across all sequence contexts. Then, we ran the following models to predict DNA methylation in S. alterniflora:


1)Epigenetic distance ∼ population

2)Epigenetic distance ∼ habitat

3)Epigenetic distance ∼ population + habitat + population × habitat

4)Epigenetic distance ∼ population + habitat + population x habitat + Condition (PCs)

5)Epigenetic distance ∼ Condition (PCs)



Just as for the genetic data, we tested the significance of the variation explained by our explanatory variables using a Monte Carlo permutation test and obtained adjusted R2, and adjusted p-values for multiple testing to reflect FDR.

We further evaluated how much of the variation in methylation is associated with populations and habitat before and after controlling for the underlying genetic variation in cis by comparing two models. We took advantage of the function “anova” in R (version 3.5.1) which uses type I (i.e., sequential) tests. We used the base functions lm and anova to calculate the model terms. We collected the terms for each reference sequence and adjusted P-values for each term for multiple testing to reflect FDR as above. First, we modeled the average DNA methylation level of individual reference sequences (i.e., ∼270 bp long contigs, n = 8,960) in response to the sequence context (CTXT), the population of origin (POP), the habitat (HAB), the interaction between the sequence context and the population (CTXT:POP) and habitat (CTXT:HAB), the interaction between population and habitat (POP:HAB) and the genotype of the reference sequence (GENO) and its interaction with sequence context (CTXT:GENO). We fit the terms first in this order, then compared this result to an alternative model in which POP and HAB were fitted after GENO.


1)percent methylation ∼ CTXT + POP + HAB + CTXT: POP + CTXT:HAB + POP:HAB + GENO + (CTXT:GENO).

2)percent methylation ∼ CTXT + GENO + CTXT:GENO + POP + HAB + CTXT:POP + CTXT:HAB + POP:HAB.



With this approach, the first model tested for epigenetic differentiation between populations of origin and habitats without first accounting for the sequence differences. The second model tested whether there was epigenetic differentiation between populations of origin or habitats that could not be explained by the underlying sequence differences since the effects of sequence differences were removed before evaluation of population and habitat. Results from this model cannot be directly compared with the results from our other models used to test for differential DNA methylation at individual cytosines, because this model uses an average level of DNA methylation across several cytosines within a reference contig. However, this model detects the dependency of epigenetic variation on genetic variation at the location of the DNA methylation (i.e., it only considers the variation within the ∼ 270 bp of a reference sequence). Such cis associations usually decay at relatively short distances (i.e., 200 bp in Arabidopsis thaliana or 1 kb in Arabidopsis lyrata; Hollister et al., 2011), and the model thus captures a good proportion of cis interactions. However, far-cis associations (for example an insertion variant which is close to, but not represented in the reference sequence) or trans dependencies (effects from loci anywhere else in the genome) will remain undetected (sensu van Moorsel et al., 2019; Mounger et al., 2021b). As a result, this model might overestimate the proportion of epigenetic variation which is unlinked to genetic variation.

We also analyzed variation in methylation at each individual cytosine with a linear model in R with the package DSS version 2.24.0 (Park and Wu, 2016) with a single factor summarizing population and habitat as separate levels (i.e., subpopulations) and using contrasts to compare levels of interest following the method for RNA-Seq in Schmid (2017) and the testing procedure in Schmid et al. (2018a). We compared groups using linear contrasts. We adjusted p-values for each contrast for multiple testing to reflect FDR. A cytosine was defined as differentially methylated (“DMC”) if the FDR was below 0.01 for any of the contrasts [see also Schmid et al. (2018b)].



Correlation of Phenotype to Genetics, Epigenetics, and Environment

We compared phenotypic distance to genetic, epigenetic, and environmental distances using multiple MMRR adapted from Herrera et al. (2017). We created pairwise distance matrices for phenotypic [stem height (cm), number of leaves per stem, number of live and dead stems per quadrat] and environmental (soil salinity, temperature, oxygen, number of snails present, percent soil moisture, percent organic matter, respiration rate, soil extractable NH4+, soil extractable NO3–, porewater NH4+, porewater NO3–, microbial biomass C, and microbial biomass N) distances between subpopulations (population × habitat combinations) with function as.matrix in the R environment (R Core Team, 2020). We scaled and centered the phenotypic and environmental matrices using Euclidean distance (Herrera et al., 2017). We assessed the correlation between phenotypic and environmental distances using a Mantel test conducted in R with the package vegan as above (Oksanen et al., 2020). We regressed standardized genetic, epigenetic, and environmental distance matrices on the phenotypic distance matrix using the MMRR function in R as described in Wang and Bradburd (2014) and Herrera et al. (2017). We standardized each matrix to mean = 0 and SD = 1 to compare relative magnitude of effects of the predictor matrices. We ran this analysis on the full data set, subsetted by habitat, subsetted by population and subsetted by subpopulation to explore the patterns in more detail. For each subset, we restandardized the data.




RESULTS

Our de novo reference creation resulted in 183,319 fragments with a total length of 33,193,750 bp. About 10% of the fragments overlapped with functional proteins, while nearly 24% overlapped with repeats (1.94%) and transposons (21.72%; Supplementary Table 1). After filtering poorly covered loci and samples, we retained data for 211 out of 293 sequenced samples. We found 12,187 of the 183,319 fragments contained 414,449 SNPs before filtering for MAF <1%. After removing loci with MAF <1%, 9,429 fragments remained with 68,317 SNPs. For DNA methylation, we found 15,463 fragments with 512,559 cytosines with sufficient coverage.


Population Genetics

We estimated the proportion of polymorphic loci in this collection of plants to be 6.6% based on the number of fragments that contained SNPs before the MAF filter. This dropped to 5.1% after we removed the loci with MAF <1%. With this filter, the number of SNPs/kb of sequence dropped from 5.5 to 2.1. Mean allelic richness averaged 1.37 for subpopulations (population × habitat combinations; Table 1). We observed gene diversity with values per locus ranging between 0.050 and 0.054 and heterozygosity between 0.062 and 0.072 (Table 1). Overall genetic diversity (Ht) across subpopulations was very similar, i.e., 0.0521 (Supplementary Table 2).


TABLE 1. Number of alleles, allelic richness (i.e., average number of alleles per locus) and mean and standard deviation (SD) of observed gene diversity (Hs) and observed heterozygosity (Ho) per locus for each population.
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Each of our three methods to examine genetic structure provided evidence of significant genetic differentiation within and among populations of S. alterniflora. With PERMANOVA, we found that all effects in the model explained a significant (at FDR < 0.01) proportion of the genetic variation: population of origin explained 8.6%, habitat explained 0.9% and the interaction of population and habitat explained an additional 2.9%. Similarly, the RDA (Table 2) showed that population alone explained 6.4% of the genetic variation, while the addition of habitat and the interaction term added an additional 2.1% explanatory power (R2 = 8.5; FDR = 0.0001).


TABLE 2. Results of the distance-based redundancy analysis (dbRDA) showing the percentage of genetic and epigenetic variance explained by population (P), habitat (H), and/or their interaction (P:H).
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Overall FST was low (0.026 across the 3 populations or 0.030 across the 6 subpopulations). Pairwise comparisons of the three populations ranged from (FST = 0.0187–0.0301; Figure 3A). Pairwise comparisons of the six subpopulations ranged from (FST = 0.0035–0.0565). Comparisons across subpopulations within the high marsh habitats revealed comparatively low FST ranging from 0.0035 between Bowens Island and Folly Beach and 0.0209 between Fort Johnson and Bowens Island (Figure 3B). On the other hand, comparisons among the low marsh habitats revealed on average more differentiation (FST = 0.0455–0.0565), particularly between Folly Beach and Fort Johnson (FST = 0.0565; Figure 3B).


[image: image]

FIGURE 3. Pairwise FST values (A) among field populations of Spartina alterniflora, and (B) between habitats (low marsh and high marsh) within populations. All values were significantly genetically differentiated pairs based on 95% CI.


We visualized the genetic data by means of PCA using the complete SNP dataset as well as the 5% most differentiated SNPs. This visualization suggested that there was a separation among populations, and partial separation of habitat within populations with the 5% most differentiated loci (Figure 4).


[image: image]

FIGURE 4. Visualization of the genetic structure of S. alterniflora populations by PCA (PC1 explains 16.5% of the variation, PC2 explains 8%, and PC3 explains 4.6%). We used only the top 5% most differentiated SNPs based on Jost’s D (Jost, 2008), and only SNPs without missing values (N = 80). Each dot represents one stem; populations are indicated by color (Green = Bowens Island, Red = Folly Beach, Blue = Fort Johnson) and habitats are filled (low marsh plants) or open (high marsh plants). See also Supplementary Figure 2 for similar depiction of epigenetic structure of populations.


The maximum likelihood phylogeny generally showed three major genotype clusters that roughly correspond to each of the three sites (Folly Beach, Fort Johnson, and Bowens Island; Figure 5). These genotype clusters were not reciprocally monophyletic clades, indicating that sites have a mixture of the three clusters. It also appeared that genotypes were well mixed between habitats within sites.


[image: image]

FIGURE 5. Unrooted phylogenetic tree of S. alterniflora populations by maximum likelihood based on all SNPs filtered for MAF > 10% and no missing data. Each dot represents one stem; populations are indicated by color (Green = Bowens Island, Red = Folly Beach, Blue = Fort Johnson) and habitats are filled (low marsh plants) or open (high marsh plants). Asterisks indicate maximum likelihood support with bootstrap values greater than 95%.




Population Epigenetics

We found that DNA methylation across all contexts averaged 11.8% for all subpopulations, while DNA methylation levels in CG, CHG and CHH contexts averaged 53.3, 28.7, and 4.4%, respectively, for all subpopulations in the dataset (Table 3). We also found that about half of the cytosines were fixed for no methylation (50.1% across all contexts for all subpopulations, ranging between 36.8 and 60.6% within subpopulations; Table 3). A substantially smaller proportion of cytosines were fixed for full methylation (1.4% across all contexts for all subpopulations, with a range of 0.5–2% within subpopulations; Table 3).


TABLE 3. Proportions of (A) methylated cytosines per context and for all contexts, (B) fixed cytosine positions for no methylation, and (C) fixed cytosine positions for methylation.
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Using average distances from each sample to its subpopulation centroid, we estimated that epigenetic variation ranged between 0.08 and 0.10 (Figure 6). For comparison, the average distances to centroid estimated with the genetic data were between 0.015 and 0.020. The test for homogeneity of multivariate dispersions was highly significant (F = 9.04, p < 0.001), suggesting differences in epigenetic diversity among subpopulations.


[image: image]

FIGURE 6. Distance from each individual sample to its corresponding subpopulation centroid calculated using (A) genetic distance matrices and (B) epigenetic distance matrices for subpopulations (site × habitat). Lines within the violin plots represent the 25, 50, and 75% quartiles of the distribution and red asterisks denote the average distance to centroid for each subpopulation. Subpopulations are as follows: high and low marsh Bowens Island (hmBI, lmBI), Folly Beach (hmFB, lmFB), and Fort Johnson (hmFJ, lmFJ).


With PERMANOVA, we found that population of origin explained a significant component of the overall epigenetic variance (3.2%; FDR < 0.0001). In addition, we found that a small but significant amount of epigenetic variance (0.6%; FDR = 0.006) was explained by habitat. The interaction of population and habitat explained an additional 1.4% (FDR = 0.0001) of the epigenetic variance. We found similar results in each of the cytosine contexts. Population explained 2.6–4.6% of the epigenetic variation within each of the CG, CHG and CHH contexts (FDR < 0.0001 for all). Habitat explained 0.6–0.7% for each context (FDR < 0.01). The interaction explained 1–2% for each context (FDR < 0.01). The RDA results were similar (Table 2): population alone explains 3.8% (FDR = 0.0001) of the epigenetic variation while the addition of habitat and the interaction term explains an additional 0.9% (R2 = 4.7; FDR = 0.0001).



Correlation Between Population Genetics and Epigenetics

Using dbRDA we discovered that PCs of genetic data alone explained more of the variation in epigenetic distances than any other model (Table 2). In addition, we found that when conditioned on PCs of the genetic data, the partial constrained dbRDA only explained less than 1% of the variation (Table 2).

The genotype of the reference sequence explained much of the epigenetic diversity in close-cis even when fitted last (i.e., 28.5% for genotype and 23.5% for genotype x context; Table 4). However, among populations we found that epigenetic variation was different in around 9.2% of 8,960 tested fragments (of the 9,429 only 8,960 intersect with those that have methylation data), even after accounting for differences in DNA sequence of the underlying loci. Habitat only explained variation in < 1% of the cytosines when evaluated across populations, however, the interaction between populations and habitats explained variation in 2% of the cytosines when fitted last, but nearly 7% of the cytosines when fitted before genotype.


TABLE 4. Anova (type I) models of amount (%) of variation in methylation explained by population, habitat, and sequence context before (left) and after (right) accounting for genotype effects on methylation using MAF-filtered data only (8,960 contigs).
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The pairwise comparison of differential methylation at individual cytosines yielded between 0.02 and 6.1% significantly differentially methylated cytosines (Table 5). We found that the most pronounced differences were between Bowens Island vs. Fort Johnson (6.1% significant Cs) and in the comparison of low marsh plants in these two populations (3.99%) which contrasted with the comparison of the high marsh plants (0.95%). We found little support for differences between habitats at any level (≤0.5% significant Cs). Most of the SMPs were located in unannotated portions of the genome (63.0% on average among pairwise comparisons) or in TEs (24.1%). A few SMPs were located in genes and other repeats (on average, 16.6 and 2.9% respectively). Although most cytosines in our libraries were in the CHH context (78% in CHH compared to 8% in CG and 14% in CHG), the number of SMPs tended to be higher in the CG context (22, 17, and 60% in CG, CHG, and CHH, respectively).


TABLE 5. Summary of results of linear contrasts to evaluate variation in methylation at each individual cytosine with the package DSS (version 2.24.0; Park and Wu, 2016).
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Correlation of Phenotype to Genetics, Epigenetics, and Environment

In the MMRR analysis, the overall regression explained about 8.4% of the variation in phenotypic distance (p-value = 0.001; Table 6A). Genetic, epigenetic and environmental distances each explained a significant proportion of the variance in phenotypic distances (p-values ranged between 0.001 and 0.036). The standardized regression coefficients suggested that epigenetic and environmental distance matrices were stronger predictors of the variation in the phenotypic matrix than the genetic matrix. Subsetting the plants by habitat revealed similar, slightly stronger patterns in the high marsh plants, but none of the relationships held in the low marsh plants alone (Table 6B). By population, we found divergent patterns from no significant relationship for the overall model in Folly Beach plants, to the model that explained the most variation (R2 = 0.312) in Fort Johnson plants (Table 6C. In this population, genetic distance explained more of the variation than environmental variation did, while epigenetic distance did not explain variation in phenotypic distance. Looking at each of the subpopulations separately, genetic, epigenetic and environmental distance were often not significantly associated with phenotypic distance (Table 6D).


TABLE 6. Results of multiple matrix regression with randomization (MMRR) analysis relating the combined phenotypic distance matrix across all S. alterniflora samples with the matrices of genetic (SNP), epigenetic (SMPs), and environmental distances for (A) across all samples, (B) within each habitat type across populations, (C) within each population across habitats and (D) for each subpopulation. NS indicates p value > 0.10.
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DISCUSSION

Several studies have shown that epigenetic changes can be induced by environmental variation and can be partially independent of underlying genetic variation, but very few have linked these patterns with phenotypic variation (Herrera et al., 2017; Wang et al., 2020). We addressed these questions with natural populations of S. alterniflora, a species known to have high genetic diversity and to vary dramatically in traits along a steep environmental gradient. We predicted that DNA sequence variation and epigenetic variation would be explained by source population and habitat (low and high marsh). Moreover, we expected that DNA methylation patterns would be more strongly associated with habitat since the same epigenetic modifications might be induced across genetic backgrounds in response to environmental conditions. Accordingly, we predicted that epigenetic and environmental differences would associate with variation in phenotypic traits, even after accounting for genetic differences. We found that populations, habitats and the interaction of populations and habitats explained variation in both genetic and epigenetic variation. However, these models, and the habitat effect, were better able to explain variation in DNA sequence than they were variation in DNA methylation. Several lines of evidence support the contention that sequence variation explains most of the variation in DNA methylation genome wide and in close-cis. However, a small percentage of epigenetic variation was explained by habitat or the interaction of population and habitat even after correcting for genetic variation in close-cis. Lastly, we show that epigenetic variation in this system contributes to phenotypic variation even when genetic and environmental distances are accounted for.


Population Genetics

Previous work on native populations of S. alterniflora has reported high levels of genetic diversity (Richards et al., 2004; Hughes and Lotterhos, 2014; Foust et al., 2016; Zerebecki et al., 2021). Richards et al. (2004) found high genetic diversity in stands on Sapelo Island, Georgia using allozymes, and these levels of diversity were later confirmed among the same populations using AFLP (Foust et al., 2016). Similarly, Hughes and Lotterhos (2014) found that high genetic diversity persisted even at small spatial scales across marshes in the Florida Panhandle (Hughes and Lotterhos, 2014). Travis et al. (2004) found that genetic diversity among populations along coastal Louisiana varied according to age, with younger populations (<16 years) supporting higher genetic diversity than older, established populations (Travis et al., 2004).

More recently, Zerebecki et al. (2021) found significant genetic differentiation among habitats within our populations of S. alterniflora near Charleston, South Carolina as well as across a much broader geographic range. They showed that the phenotypic divergence in stem height and biomass allocation observed across intertidal gradients was at least partly due to local genetic differentiation (Zerebecki et al., 2021). Further, their reciprocal transplant experiment combined with repeated patterns of molecular differentiation among habitats within individual marshes supported parallel microgeographic adaptation to intertidal gradients in natural populations of S. alterniflora (Zerebecki et al., 2021).

Estimates of heterozygosity and genetic diversity more generally are not easily compared across studies with different sample sizes, different types of molecular markers, and with different filtering approaches (Sunde et al., 2020; Schmidt et al., 2021). In this study on S. alterniflora, we found that Ho was approximately six times and Ht was five times that of Rhizophora mangle from natural populations using similar approaches (Mounger et al., 2021b), confirming previous reports of high genetic diversity in these Charleston populations of S. alterniflora (Zerebecki et al., 2021). Although habitat alone, and in interaction with population explained variation in genetic differences, population was the best predictor of genetic variation. In both RDA and PERMANOVA, habitat added very little explanatory power, except through the interaction with population. This result provides some insight into our previous work that examined the association between phenotypic variation and edaphic factors (Voors, 2018). In that study, habitat explained a large portion of the variation in plant traits, but not in soil characteristics. The patterns in genetic marker diversity could reflect that the environmental differences between high-marsh and low-marsh habitats are not consistent among populations (i.e., among sites). Thus, different environmental conditions could be driving divergent genetic patterns between the two habitats, but not necessarily in the same way at the various populations, leading to population-by-habitat interactions.

We were able to visualize a clear differentiation between populations of origin when the 5% most differentiated loci were compared in a PCA. The most obvious difference was the separation of Fort Johnson. This differentiation was also supported by the pairwise FST analyses where the highest values were comparisons between Fort Johnson and the other populations, particularly in the low marsh. The Fort Johnson population of S. alterniflora is situated within Charleston Harbor, while Bowens Island and Folly Beach populations are geographically closer together, connected by the Folly River and situated along less intensely developed tidal creeks to the south of the main shipping harbor. Genetic differentiation at Fort Johnson relative to the other two populations may in part be driven by geographical distance (Herrera et al., 2017; Wang et al., 2020; Mounger et al., 2021b), population age (Travis et al., 2004), cryptic environmental variation (Zerebecki et al., 2021), or by anthropogenic impacts such as long-term or historic exposure to urban effluents and industrial pollutants (Robertson et al., 2017). Additional research is required to investigate which of these factors may be driving the genetic differentiation we detected at Fort Johnson. However, we also found support for differences among populations using all SNPs in the phylogenetic tree. More specifically, the tree supported the contention made by Zerebecki et al. (2021) that the differences we found among habitats could have evolved within populations. An alternative hypothesis would be that the high marsh and low marsh habitat at each site was colonized by high marsh and low marsh genotypes that had diverged previously. Additional research is required to investigate which processes may explain the lack of genetic differentiation at Fort Johnson. Our study also supports the possibility of convergent processes particularly in the high marsh which could be contributing to less differentiation among subpopulations in the high marsh than we found among subpopulations in the low marsh.



Population Epigenetics

Although epigenetic variation can be dictated by underlying genetic variation (Becker et al., 2011; Dubin et al., 2015; Sasaki et al., 2019), we found a small but statistically significant amount of epigenetic variation was associated with habitat even after accounting for genetic variation. This finding is important because it supports the theoretical understanding that epigenetic mechanisms may provide an additional source of variation that is distinct from genetic variation in natural populations. Our results suggest that the habitat differences in natural populations of S. alterniflora may correspond to both genetic and epigenetic differentiation, but more fine scale analyses are needed to dissect these relationships. This work supported our previous studies of differences in these molecular mechanisms within this species. For instance, Foust et al. (2016) found that a small percentage of epigenetic variation across sites was associated with similar habitats after accounting for genetic variation. Similarly, a study of response to crude oil exposure found both genetic and epigenetic differentiation between oiled and non-oiled populations in Southern Louisiana following the Deepwater Horizon oil spill (Robertson et al., 2017).



Genetic, Epigenetic, and Environmental Variation Correlates With Phenotypic Variation

Herrera et al. (2017) compared the genetic, epigenetic, environmental (six habitat features) and phenotypic (20 traits) variation of ten subpopulations of the perennial herb Helleborous foetidus using MMRR. They determined that geographical distance explained genetic differentiation among subpopulations, while environmental distance explained epigenetic differentiation (Herrera et al., 2017; Wang et al., 2020). These results for H. foetidus supported earlier work that showed that epigenetic isolation by environment (IBE) can arise as a consequence of native epigenotypes having higher fitness in a given environment than epigenotypes from a different subpopulation (Wang and Bradburd, 2014; Herrera et al., 2017; Wang et al., 2020).

Following these methods, we used standardized genetic, epigenetic and environmental distance matrices to determine if these variables might explain the phenotypic variation we have observed within habitats or within populations. We found significant relationships between phenotypic distance across our S. alterniflora samples and all three predictor matrices of genetic, epigenetic, and environmental distances. Using standardized distance matrices allowed us to infer that environmental and epigenetic distances each explained more of the phenotypic distance than did genetic distance in the overall collection of plants. However, additional analyses revealed that these relationships varied within habitats and within populations. We found no relationship between these predictors and phenotypic variation in the low marsh plants, but the relationships between epigenetic and phenotypic distance and between environmental and phenotypic distance appeared to be even stronger when evaluating only the high marsh plants. Further work will be required to assess the contribution of these different components to phenotypic variation in the context of complex natural populations and habitats. These results indicate that genetic, epigenetic, and environmental variation contribute to phenotypic response in these plants even when evaluated simultaneously. Considering that we expected most of the phenotypic and environmental differences to occur largely between habitats or among populations, the lack of relationships within separate subpopulations may be the result of limited variance.




CONCLUSION AND FUTURE PERSPECTIVES

The importance of epigenetic mechanisms in ecological contexts is still an open question that is difficult to address (Boquete et al., 2021). This line of inquiry has a variety of constraints. In particular, plant populations with high levels of genetic diversity challenge our ability to clearly distinguish patterns of epigenetic variation (Foust et al., 2016). In addition, the lack of well annotated reference genomes for most plant species greatly limits our ability to make inferences about the functionality of genes or methylation patterns (Boutte et al., 2016; Richards et al., 2017; Paun et al., 2019; Mounger et al., 2021a). Reduced Representation Bisulfite Sequencing (RRBS) methods like epiGBS provide substantially more genome coverage than previous methods such as methylation-sensitive amplified fragment length polymorphism (MS-AFLP or MSAP; Schrey et al., 2013; Richards and Pigliucci, 2020). However, for large polyploid genomes like that of S. alterniflora this approach still only captures a small percentage of the genome (approximately 3%). In addition, polyploidization, or genome doubling, can provide additional sources of molecular variation which thereby contribute to plant responses to environmental conditions, but this phenomenon complicates our ability to analyze and draw conclusions about genomic mechanisms (Dufresne et al., 2014; Robertson et al., 2020; Mounger et al., 2021a). RRBS methods such as epiGBS do not yet provide adequate coverage to confidently estimate polyploid genotype likelihoods (Dufresne et al., 2014; Alvarez et al., 2020; Robertson et al., 2020). Despite these limitations, this work adds to a growing body of evidence that shows that epigenetic differences, particularly variation in DNA methylation, are associated with responses to environmental variation in natural populations. This association is not explained simply by sequence based differences and requires continued investigation.
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In the case of the epigenetic data, the models include with and without adjusting
for the variance explained by the genetic data (PCs). GD, genetic distance matrix;
ED, epigenetic distance matrix; PC, first four principal components from genetic
data (explaining 10.41% of the variation in scaled allele frequencies); df, degrees
of freedom; F value, value of the test statistic; FDR, false discovery rate; adj. R?,
percent of variance explained, adjusted for multiple comparisons.
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DMC, differentially methylated cytosine [FDR < 0.01; see also Schmid et al.

(2018b)]. FB, Folly Beach; Bl, Bowens Island; FJ, Ford Johnson.
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(B) Within high marsh (N = 88) and low marsh (N = 123) habitat across populations
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Environmental distance

F p-Value R? Coefficient p-Value Coefficient p-Value Coefficient p-Value
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Low marsh 12.70 NS 0.005 —0.056 NS 0.025 NS 0.062 NS

(C) Within each population across habitats (N = 65-79)

Overall regression
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Overall number of alleles is also presented for the whole dataset. Calculated based on SNPs with no missing values (8,767).
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