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Abstract
Populations may respond to environmental heterogeneity via evolutionary diver-
gence or phenotypic plasticity. While evolutionary divergence occurs through DNA 
sequence differences among populations, plastic divergence among populations 
may be generated by changes in the epigenome. Here, we present the results of 
a genome-wide comparison of DNA methylation patterns and genetic structure 
among four populations of Eastern oyster (Crassostrea virginica) in the northern Gulf 
of Mexico. We used a combination of restriction site-associated DNA sequencing 
(RADseq) and reduced representation bisulfite sequencing (RRBS) to explore popula-
tion structure, gene-wide averages of FST, and DNA methylation differences between 
oysters inhabiting four estuaries with unique salinity profiles. This approach identi-
fied significant population structure despite a moderately low FST (0.02) across the 
freshwater boundary of the Mississippi river, a finding that may reflect recent efforts 
to restore oyster stock populations. Divergence between populations in CpG meth-
ylation was greater than for divergence in FST, likely reflecting environmental effects 
on DNA methylation patterns. Assessment of CpG methylation patterns across all 
populations identified that only 26% of methylated DNA was intergenic; and, only 
17% of all differentially methylated regions (DMRs) were within these same regions. 
DMRs within gene bodies between sites were associated with genes known to be 
involved in DNA damage repair, ion transport, and reproductive timing. Finally, when 
assessing the correlation between genomic variation and DNA methylation between 
these populations, we observed population-specific DNA methylation profiles that 
were not directly associated with single nucleotide polymorphisms or broader gene-
body mean FST trends. Our results suggest that C. virginica may use DNA methylation 
to generate environmentally responsive plastic phenotypes and that there is more 
divergence in methylation than divergence in allele frequencies.
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1  | INTRODUC TION

In highly variable marine environments, phenotypic plasticity al-
lows organisms to persist in suboptimum environmental conditions 
(Somero, 2010). On short time scales, this can be accomplished via 
environmentally responsive changes in gene expression (Evans & 
Hofmann, 2012). Over the medium to long term, there is increasing 
evidence that phenotypic plasticity may be modulated by changes 
in the epigenome (Eirin-Lopez & Putnam, 2018; Hofmann, 2017; 
Hu & Barrett, 2017; Verhoeven, vonHoldt, & Sork, 2016). These 
epigenomic changes allow for the persistent expression of a plas-
tic phenotype that in some cases may be transmitted to subsequent 
generations (Rondon et al., 2017). As a result, there is significant 
interest in understanding how epigenetic variation correlates with 
genomic and environmental variation; and ultimately, how changes 
in the epigenome might facilitate the generation of environmentally 
responsive phenotypes. The push to address these questions has 
developed as a result of new sequencing techniques that provide 
high-resolution data on epigenomic traits and the necessary data for 
identifying when phenotypic effects of genotype-by-environment 
interactions are governed by changes in the epigenome (Trucchi et 
al., 2016; Van Gurp et al., 2016; Yaish, Peng, & Rothstein, 2014).

While there are multiple types of epigenetic mechanisms, 5mC 
DNA methylation (methylation at the 5th position in a cytosine mol-
ecule) has been the focus of a substantial amount of research to 
date using enzyme-linked immunoglobulin assays, methylation sen-
sitive PCRs, and modified amplification polymorphism assays (Hu & 
Barrett, 2017; Kilvitis et al., 2014; Metzger & Schulte, 2016; Schrey 
et al., 2013). These methodologies are able to identify quantitative 
changes in DNA methylation; however, more targeted hypothesis 
testing is limited by a lack of high-resolution nucleotide-specific data 
among nonmodel marine invertebrates (Hofmann, 2017; Schrey et 
al., 2013). By contrast, reduced representation bisulfite sequencing 
(RRBS) methods provide nucleotide specific 5mC DNA methylation 
status using high-throughput short-read sequences on the Illumina 
platform (Trucchi et al., 2016; Van Gurp et al., 2016). In particular, 
the epiGBS (Van Gurp et al., 2016) method combines this RRBS ap-
proach with enzyme digestion that is not sensitive to methylation 
and therefore provides locus-specific methylation state across a 
large proportion of the genome, even when no reference genome 
is available.

Much of what is known about the functional role of epigenetic 
modifications in sessile marine invertebrates comes from research 
on the Pacific oyster (Crassostrea gigas). In C. gigas, DNA methyla-
tion appears to be an important molecular feature that directs de-
velopmental plasticity, gene regulation, and control over alternative 
splicing (Olson & Roberts, 2014; Riviere, 2014; Riviere et al., 2013; 
Song, Li, & Zhang, 2017). Specifically, increased levels of DNA meth-
ylation within intragenic regions in C. gigas are positively correlated 
with gene expression levels (Gavery & Roberts, 2013), while exon 
methylation is positively correlated with inclusion in mRNA tran-
scripts (Song et al., 2017). Furthermore, changes in methylation pat-
terns following parental exposure to environmental toxins appear to 

be heritable in the F1 generation (Rondon et al., 2017). Methylation 
research in C. gigas has been facilitated by the availability of a refer-
ence genome (Trucchi et al., 2016). The recent release of a reference 
genome for the Eastern oyster Crassostrea virginica (Gómez-Chiarri, 
2018) provides an opportunity to explore similar patterns of DNA 
methylation with RRBS, and opens the door to future comparative 
epigenomic studies between these two closely related taxa.

Previous studies testing for acclimatization responses to diver-
gent environments have focused on comparative transcriptomics 
to measure differences in global gene expression among popula-
tions across these conditions (DeBiasse & Kelly, 2016; Stillman & 
Armstrong, 2015). These differences may themselves be modu-
lated by genome-level epigenetic changes, which may also impart 
this information to the next generation (intergenerational plasticity) 
(Hofmann, 2017; Platt, Gugger, Pellegrini, & Sork, 2015; Vu, Chang, 
Moriuchi, & Friesen, 2015; Wong, Johnson, Kelly, & Hofmann, 2018). 
The regulatory importance of epigenetic changes in the process of 
population divergence is increasingly being supported by models 
that suggest these nongenetic features influence the rate of adap-
tation to environmental stress (Klironomos, Berg, & Collins, 2016; 
Kronholm & Collins, 2016). Therefore, to better understand the ge-
netic basis for population divergence, the interacting effects of ge-
netic and epigenetic variation should be further explored.

Recent studies in wild populations have identified variation in 
DNA methylation that is associated with both acclimatization and 
broader population-specific epigenomic variation. These studies 
have identified methylation differences between freshwater and 
marine populations of the three-spined stickleback (Gasterosteus 
aculeatus) (Artemov et al., 2017) and between invasive and native 
populations of the pygmy mussel (Xenostrobus secures) (Ardura, 
Zaiko, Morán, Planes, & Garcia-Vazquez, 2017). Furthermore, multi-
ple comparisons in species from clonal fish, tilapia, bats, and finches 
have found variation in DNA methylation that is greater than the 
standing genetic variation, lending support for the role of DNA 
methylation in alleviating the consequences of genotype-by-envi-
ronment mismatches in a wide range of metazoans (Liu, Sun, Jiang, 
& Feng, 2015; Massicotte, Whitelaw, & Angers, 2011; Skinner et al., 
2014; Wan et al., 2016).

Genotype-by-environment interactions shape population struc-
ture and can play an important role in establishing population spe-
cific DNA methylation patterns and in driving phenotypic differences 
between populations. Recent evidence has shown that reduced 
representation genomic sequencing methods such as restriction 
site-associated DNA sequencing (RADseq) are a valuable tool for 
evaluating population structure in marine invertebrates (Bernatchez 
et al., 2019; Silliman, 2019; Xuereb et al., 2018). The population dif-
ferences that have been detected in many of these studies are sur-
prising, as many marine invertebrates are broadcast spawners with 
large dispersal distances, a feature that should produce high gene 
flow across a species’ range (Sanford & Kelly, 2011). However, previ-
ous assessments of population structure along the northern Gulf of 
Mexico (GOM) in Eastern oysters (Crassostrea virginica) have identi-
fied genetic variation between populations (Anderson, Karel, Mace, 
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Bartram, & Hare, 2014). These genetic differences may be explained 
by either a shift in phenology between regions of the GOM or by 
the influence of genotype-by-environment mismatches removing 
some genotypes from any given estuary. In the northern GOM, one 
potential driver of genotype-environment mismatches is variation in 
salinity (Leonhardt, Casas, Supan, & Peyre, 2017).

In coastal Louisiana, populations of Crassostrea virginica are 
spread across estuaries that range from low salinity (<5 psu) to mid-
high salinity (~20  psu) (Das et al., 2012). Within these estuaries, 
C. virginica plays a critical role as both a foundation species and an 
ecosystem engineer (Meyer, Townsend, & Thayer, 1997; Plunket & 
La Peyre, 2005). Previous research has shown that along the north-
ern GOM, the interaction between temperature and salinity plays a 
major role in setting the species’ environmental distribution (Eastern 
Oyster Biological Review Team, 2007; Shumway, 1996). While broad 
scale genotyping of oyster populations along the GOM has provided 
some evidence for genetic differentiation, there is little known about 
whether this genetic variation contributes to local adaptation to sa-
linity (Varney, Galindo-Sánchez, Cruz, & Gaffney, 2009). In addition, 
regional salinity levels are also predicted to change dramatically in 
estuarine ecosystems due to changes in rainfall and anthropogenic 
alterations to hydrology (Das et al., 2012; Powell & Keim, 2015). 
Previous research into the molecular responses of Crassostrea spp. 
to environmental variation has identified significant responses to 
salinity at both the mRNA and protein levels (Chapman et al., 2011; 
Jones, Johnson, & Kelly, 2019). Therefore, examining the degree of 
genetic and epigenetic variation between populations of C. virginica 
that inhabit estuaries with distinct salinity conditions is an important 
step in understanding the observed signals of local adaptation and 
phenotypic plasticity in response to changes in environmental con-
ditions along the northern GOM.

In this study, we characterize single nucleotide polymorphisms 
and DNA methylation patterns for four populations of Eastern oysters 
(Crassostrea virginica) along the northern GOM. This region is highly 
variable with respect to salinity, with shallow oyster reefs existing 
across regions with distinct annual salinity profiles (Figure 1). Recent 
evidence suggests population-specific physiological responses to sa-
linity between oysters from either high or low salinity reefs from this 
region (Leonhardt et al., 2017). In addition, we hypothesized that the 
Lake Fortuna population, located east of the Mississippi river, would be 
the most unique population both in terms of methylation and genomic 
variation. As such, we have used a combination of RADseq and epiGBS 
sequencing to further describe potential genetic and epigenetic drivers 
of these observed population-specific physiological responses.

2  | MATERIAL S AND METHODS

2.1 | Collection sites

Oysters were collected from four sites that are known to differ in 
annual mean salinity. Salinities for each estuary were calculated as 
daily averages from June 1, 2006, to June 1, 2016, using salinity 

measurements (collected by either the United States Geological 
Survey or the Louisiana Department of Fish and Wildlife) from sta-
tions located as close to the oyster beds as possible (Figure 1). These 
data were used to calculate the amount of time each reef spent at 
one of five salinity regimes known to impact oysters in the eastern 
GOM (which has higher average salinities than the northern GOM). 
These bins were (a) >20 practical salinity units (psu)—no negative ef-
fects, (b) 15–20 psu—reduced reproductive rates, (c) 6–15 psu—re-
duced spat recruitment, (d) 3.5–6  psu—reduced growth rates, and 
(e) 0–3.5 psu—survival limited to approximately 5 months (Barnes, 
Volety, Chartier, Mazzotti, & Pearlstine, 2007). In addition, average 
salinity and temperature for the 10 days prior to collection was also 
calculated and reflects the environmental conditions prior to sample 
collection.

2.2 | Oyster collections

In order to characterize population-specific methylome patterns, 20 
individual oysters from each site; Lake Calcasieu (LC), Lake Fortuna 
(LF), Sister Lake (SL), and Vermillion Bay (VB);were collected as part 
of a larger study between May 15, 2015, and February 10, 2016 
(Figure 1). Oyster from all sites was collected by dredging at a depth 
of ~3 m allowing for all oysters to have been collected from subtidal 
reefs. Salinity and temperature data were collected, and 10-year 
daily average is reported in addition to the average conditions for the 
10 days preceding collection (Figure 1c). Following collections, oys-
ters were transported to Louisiana State University; gill tissue was 
dissected from each oyster, immersed in 95% ethanol, and stored 
at +4°C for 18–24  months. The remaining whole organisms were 
subsequently frozen and stored at −80°C. In order to gather mor-
phological data, these oysters were thawed in September 2019. For 
individuals from LF and SL, individual specific length, wet weight, 
and presence/absence of gonads was assessed; however, due to 
freeze-thaw, it was not possible to identify the current sex of the 
individual. As oysters are sequential, protandric hermaphrodites, 
sexual stage has to be checked via gonads (Harding, Powell, Mann, & 
Southworth, 2013). For the other two sites (LC and VB), all 20 indi-
viduals were measured and weighed; however, the labeling of these 
individuals was lost, and so, only mean length and mean wet weight 
are reported.

2.3 | DNA extraction

DNA was extracted from all 80 individuals using the OMEGA 
E.Z.N.A. Tissue DNA Kit (D3396-01; Omega bio-tek) with a 2 min 
RNase A digestion to remove co-purified RNA. Extracted DNA pu-
rity was assessed on 260/280 and 260/230 ratios using a nanodrop 
spectrophotometer (ND1000; Thermo fisher Scientific). Presence of 
high molecular weight DNA was confirmed using a 1.5% agarose gel, 
and DNA concentration was verified using a Qubit 3.0 Flourometric 
dsDNA BR assay kit (Q32850; Life Technologies).
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2.4 | RADseq library preparation

RADseq libraries were generated for the same 80 individuals plus an 
additional two individuals from each population providing (n = 88) 
using the 3RAD library preparation method (Bayona-Vásquez et al., 
2019). For these libraries, 100 ng of DNA was digested in a 15 µl 
reaction consisting of three enzymes (XbaI, EcoRI, and NheI, New 
England BioLabs (NEB)), an iTru NheI adapter, an iTru EcoRI adapter, 
and NEB 10× CutSmart Buffer. Reactions were incubated for 2 hr 
at 37°C. The adapters added in the original reaction were subse-
quently ligated to the digested DNA fragments with the addition of 
one unit of DNA ligase, 10× ligase buffer, additional rATP to ensure 
ligation of the iTru adapters, and the sample incubated at 22°C for 
20 min. Ligation products were pooled, purified with 1.25× speed-
beads, and amplified using 1 unit of Kapa HiFi DNA Polymerase 
(KapaBiosystems) in the presence of unique i5 and i7 primers. 
Amplification was completed using 12 cycles of 98°C for 1 min; then, 
12 cycles of 98°C for 20 s., 60°C for 15 s, 72°C for 30 s; and 72°C 
for 5 min. Final library concentrations were quantified via qPCR, and 
sequencing was completed on 1 lane of an Illumina Hiseq2500 with 
100bp paired-end reads. Sequencing was completed at the North 
Carolina State University's Genomic Sciences Laboratory (Raleigh, 
NC).

2.5 | RADseq data analysis

The 3RAD data for the 88 individuals were demultiplexed using 
the process_radtag command available in STACKS v.1.48 (Catchen, 
Hohenlohe, Bassham, Amores & Cresko, 2013) where sequences 
with any uncalled base were removed (−c), low quality reads removed 
(−q), reads trimmed to 140 bp (−t 140), RAD-Tags rescued (−r), and 
a score limit of 10 (−s 10). The program Bowtie2 v.2.3.4 (Langmead 
& Salzberg, 2012) was then used for alignments to the reference 
genome (GCF_002022765.2) with default settings. The STACKS 
(Catchen et al., 2013) software was used to isolate SNPs between 
the four populations. The stack analysis was run using the ref_map.
pl pipeline with the following settings “-p 2 --smooth --hwe -r 0.65 
--min_maf 0.05 --bootstrap --bootstrap-reps 1000000 --structure 
--genepop --write_single_snp –vcf.” These settings requires a locus 
to be represented by 65% of individuals in two of the four popula-
tions that have a minimum allele frequency of 0.05, FST values are 
kernel-smoothed across chromosomes, and significance intervals 
based on resampling using 1,000,000 bootstraps (Appendix S1).

Population structure was investigated using the R program 
conStruct (v.1.0.3) and the population structure file generated 
from the Stacks program population. Samples were analyzed using 
the x.validation function in conStruct testing K from 1 to 4 using 

F I G U R E  1   Site-specific variation in salinity. (a) Map indicating site locations along coastal Louisiana. (b) 10 year mean distribution of time 
spent at each salinity bin. (c) Table of mean salinity and temperature for each site along with data of sample collection and coordinates of 
oyster reef
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90% of the dataset for training, 10 replicates, and 1,000 iterations 
per replicate (Bradburd, Coop, & Ralph, 2018). Input coordinates 
for each population are the same as those presented in Figure 1c. 
The final K was chosen based on comparing layer contributions 
and predictive accuracy for models constructed both with and 
without geographic distances between each of the four estuaries 
(Figure 2a,b).

2.6 | DNA methylation epiGBS library preparation

For epiGBS library preparation, a total of 500 ng of purified genomic 
DNA was simultaneously double digested for all 80 samples in a 
96-well plate using the two frequent cutter enzymes AseI and NsiI 
(NEB-R0127L and NEB-R0526L; Van Gurp et al., 2016). Digested 
DNA was ligated to custom y-yoked methylated sequencing adapt-
ers (Glenn et al., 2016) using a T4 DNA ligase (B9000S; New England 
Biolabs) with additional rATP to ensure ligation of custom adapters 
(Appendix S1). Digested and methylated adapter-ligated DNA was 
bisulfite converted in a 96-well plate using the Zymo Research EZ 
DNA Methylation-Lightning kit (D5031; Zymo Research) with a 
15  min L-desulphonation step. Bisulfite converted DNA was then 
tagged and amplified with Illumina adapters using 16 cycles of PCR. 

Amplified libraries were size selected to 300–600 base pairs (bp) 
using the Zymo Research Select-A-Size DNA clean & Concentrator 
(D4080; Zymo Research). Size selection was confirmed using the 
Agilent Bioanalyzer DNA high sensitivity chip (5067–4626; Agilent 
Technologies). Libraries were subsequently pooled and sequenced 
with a 10% PhiX spike-in on a full flow cell of the Illumina NextSeq 
500 with 75 bp paired-end reads. Sequencing was completed at the 
North Carolina State University's Genomic Sciences Laboratory 
(Raleigh, NC).

2.7 | Differential DNA methylation analysis

The epiGBS sequencing reads were adapter and quality trimmed 
using Trim Galore! (v.0.4.5) (Krueger, 2015) with default settings. 
Trimmed, nondirectional, paired end reads were mapped to the 
reference genome, and CpG methylation was called using the soft-
ware package bismark (v0.19.0) (Krueger & Andrews, 2011). The 
bismark commands used in the mapping allowed for 1 mismatch 
in a seed alignment of 10 with a minimum alignment score set-
ting of −0.6 (--score_min L, 0, −0.6). These settings were selected 
to account for genomic variations between C.  virginica collected 
from the northern GOM (this study) and the disease-resistant 

F I G U R E  2   (a) ConStruct cross-
validation analysis predictive accuracy of 
K from 1 to 4 using 90% of the dataset 
for training, 10 replicates, and 10,000 
iterations per replicate. (b) ConStruct 
layer contributions of K from 1 to 4. (c) 
Population structure plot of K = 3 mapped 
to estuary locations. Downstream analysis 
of methylation focused on a K = 2 model 
that groups LC with SL and VB with LF

(a)

(c)

(b)
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inbred line from the U.S. East Coast used for the construction of 
the reference genome (Gómez-Chiarri, Warren, Guo, & Proestou, 
2015). CpG methylation was extracted from the nondeduplicated 
mapped reads using the bismark command bismark_methylation_
extractor with the following commands; --ignore_r2 2, --bedGraph, 
--zero_based, --no_overlap, --cytosine_report, and –report. 
Differential methylation was conducted on CpG features using 
the bismark coverage files and the R program MethylKit (v.1.2.4) 
(Akalin et al., 2012). Loci were first filtered using the filterByCover-
age command to require a locus to have a low count of at least 10 
reads to be included.

Methylation was then assessed in a pairwise bases using a 
100  bp tiled approach with a step size of 100  bp and restricted 
to tiles that had been covered by at least eight individuals from 
each of the two populations. These parameters were chosen so 
that each 100-bp region would contain at least 1 CpG, would be 
approximately be equivalent to a single sequencing read (75 bp), 
and would be present in 40% of the population. Pairwise assess-
ments of differential methylation were focused on contrasting the 
high salinity population with the other three populations. As such, 
the analysis described here reflects on both abiotic differences 
between estuaries over the 10-year daily mean differences be-
tween sites and the 10-day daily mean differences prior to sam-
pling (Figure 1c). Significantly differentially methylated regions 
(DMRs) were identified for all comparisons using a minimum per-
cent methylation difference between populations of 15% and a 
Benjamini-Hochberg adjusted p-value (q-value) less than or equal 
to .05 (Mathers et al., 2019).

All 100-bp regions with sufficient coverage in at least one of 
the pairwise comparisons were imported into SeqMonk (v1.40.1; 
www.bioin​forma​tics.babra​ham.ac.uk/proje​cts/seqmo​nk/) for vi-
sualization and annotation with nearest gene annotation. Each 
of these 100-bp regions were mapped to the nearest genomic 
feature SeqMonk and compared with the randomly generated se-
quencing markers. The genomic features included in this analysis 
were promoter regions (2 kb upstream of gene), 3′UTRs, introns, 
exons, 5′UTRs, downstream regionus (within 2 kb downstream of 
gene), and intergenic regions. To investigate potential for the iden-
tified DMRs to be a result of random sampling, SeqMonk was used 
to generate 6 genome-wide sets of 100 bp tiles (n = 39,053). The 
percent overlap of methylated genomic features for each marker 
was assessed using the R program ChIPpeakAnno (v 3.10.2) (Zhu 
et al., 2010) and the distribution of DMRs for each comparison 
tested for significant differences in distribution when compared 
with the random markers using the Kolmogorov–Smirnov test 
(p-value ≤ .05).

Differentially methylated regions were annotated to the near-
est gene body (defined here as the regions including promoters, 
introns, exons, 3′ and 5′ untranslated regions) using the sequence 
annotations available with the latest release of the C.  virginica 
genome (GCF_002022765.2, version 3.0). This definition of gene 
body was used as these neighboring regions all have the capacity 

to modify gene expression and therefore directly affect pheno-
types (Gavery & Roberts, 2013; Keller, Han, & Yi, 2016; Song et 
al., 2017). These genome annotations were combined with gene 
ontology terms generated in this study using InterProscan 5 (v 
5.27–66.0) and the most recent gene ontology database release 
(format-version: 1.2, release: 2018–02–20). Gene ontology enrich-
ment analysis was performed with R scripts for rank-based gene 
ontology with adaptive clustering (github.com/z0on/GO_MWU) 
and was implemented with a signed log of q-values as a continu-
ous measure of significance (Wright, Aglyamova, Meyer, & Matz, 
2016). Significantly enriched gene ontologies for each ontology 
(i.e., biological process, cellular components, and molecular func-
tions) were called based on an adjusted p-value less than .05. In 
all of these calculations of gene ontology enrichment, the back-
ground gene set was comprised of all genes that were identified 
within at least one population.

2.8 | Associating between DNA methylation and 
genomic estimate of FST

To investigate the overlap between genomic variation and changes 
in DNA methylation, we reduced both datasets so that for each gene 
in each pairwise comparison, there would be a single FST value that 
represented the weighted average FST observed across a gene, an 
average percentage of gene-body methylation for each gene, and 
a measurement of epigenetic divergence (st). We defined PST as 
the methylation analogue of Wrights FST and calculated it for each 
locus by subtracting the total variance in methylation in all popu-
lations from the variance within a single population and divided 
by the variance in all populations (PST  =  (VarianceTotal  −  Variance

Sub)/VarianceTotal; Leinonen, McCairns, O’Hara, & Merilä, 2013). 
Population level variances in methylation were calculated from 
the bismark coverage output, and variance within each population 
was calculated using the rowVars command in the R stats package 
“matrixStats.” The distribution of mean FST among the DMRs for 
each comparison was tested for significant differences in distri-
bution when compared with the mean FST for all region using the 
Kolmogorov–Smirnov test (p-value ≤ .05).

Finally, to explore the influence of population structure, sam-
ples were grouped based on the results from an interpretation of 
the conStruct analysis contrasting individuals based on K = 2 with 
a combined pool of Lake Fortuna and Vermilion Bay from the com-
bined samples of Sister Lake and Lake Calcasieu (Figure 2). These 
methylation data were analyzed by requiring a tile to be represented 
by at least 8 individuals per population and differential methylation 
assessed based on a minimum percent methylation difference of 
15% and a q-value less than or equal to .05. Hierarchical clustering 
for both the four population and two population samples was also 
completed using the methylKit function clusterSamples that applies 
Ward's hierarchical clustering using 1-Pearson's correlation dis-
tances (Akalin et al., 2012).

http://www.bioinformatics.babraham.ac.uk/projects/seqmonk/
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3  | RESULTS

3.1 | Salinity variation among sites

Long-term salinity data for each site confirm variation in mean sa-
linity, with Lake Calcasieu (LC)  >  Lake Fortuna (LF)  >  Sister lake 
(SL) > Vermillion Bay (VB; Figure 1). Examining distribution of time 
spent within each of the five salinity stress indices underscores the 
increasing frequency of time spent in low salinity conditions for VB 
and SL as compared with the two mid-high and high salinity sites 
(Figure 1). Specifically, LC and LF have recorded salinities greater 
than 15 psu for over 50% of the year, while SL is below 15 psu for 
71% of the year, and VB is below 3.5 for 57% of the year. These dif-
ferences in exposure history support the use of these oyster reefs in 
our efforts to describe population-specific methylation profiles that 
may facilitate population differentiation and possibly local adapta-
tion to low and high salinity in this region.

3.2 | RADseq sequencing results

Sequencing of the 88 pooled RADseq libraries resulted in 232.8 
(±221) thousand reads per library, with 97.5% of sequences retained 
after filtering. About 73,128 loci of which 3,169 passed population 
coverage filtering comprised of 1,134,111 nucleotides. Of these loci, 
1,567 variant loci were retained for downstream analysis. Pairwise 
population FST values were calculated for the 1,567 polymorphic 
sites passing filter, and mean FST across all populations was found to 
be 0.023. Population structure modeling using the conStruct model 
that incorporated geographic distance identified K = 3 as significant; 
however, this analysis only identified slightly more support for a 
K = 3 over K = 2 (Figure 2a,b). We interpret these results to suggest 
that while K = 3 is the best fit for the data, a K = 2 explains close to 
the same amount of population structure such that Lake Calcasieu 
and Sister Lake are highly similar and Lake Fortuna and Vermilion 
Bay are also highly similar populations (Figure 2).

3.3 | Sequencing statistics

Sequencing of the 80 pooled epiGBS libraries resulted in 1.3 (±0.79) 
million reads per library, with 80.2% of all sequences mapping to the 
reference genome (range: 74.6%–93.4%). There were 8,395,168 cy-
tosines per sample sequenced at least once with 13.9% of genomic 
cytosines identified as methylated from the Bismark mapping re-
sults. Tiled differential methylation analysis identified a total of 
3,643–100 bp regions covered by at least 8 individuals with 10× cov-
erage within at least one of the four populations (q-value ≤ .05). The 
distribution of these methylated regions revealed that they were 
predominately located within gene bodies (55.7%; 5’UTR, introns, 
exons, and 3’UTRs) and intergenic regions (25.9%), while 12.7% and 
5.7% of methylated features were associated with gene promoter 
and downstream regions, respectively (Figure 3).

3.4 | Differential methylation

The principle component analysis (PCA) revealed that the majority of 
samples between the four populations showed overlapping means 
(Figure 4). Overall, 75.8% of all differentially methylated regions 
from all of the pairwise comparisons were located within gene bod-
ies (promoters, introns, exons, 3′ and 5′ untranslated regions), 6.5% 
were within downstream regions, and 17.7% were located along inter-
genic regions (Figure 3). These distributions were tested against the 
randomly generated 100  bp regions and showed that the distribu-
tion of DMRs was higher than expected for introns, 3′ UTRs, and 5′ 
UTRs (p-value ≤ .012); lower than expected for exons and intergenic 
regions (p-value ≤ .008); but not significantly different from random for 
promoter (2 kb upstream) or downstream (2 kb downstream) regions 
(p-value > .05). Finally, gene ontology enrichment for each population-
specific differential methylation analysis was conducted for each pair-
wise comparison between DMRs that fell within the gene-body region 
using a Mann–Whitney U test with a background list of all genes for 
which there were sequence data within any of the comparisons.

F I G U R E  3   Distribution of percent 
methylation across genomic regions. 
Global DNA methylation (black) and the 
mean distribution of randomly generated 
markers (gray) distribution of methylated 
cytosines across gene regions. Site 
specific mean methylation of DMRs for 
each genomic region is also shown in 
color; (Blue—Lake Calcasieu; Orange—
Lake Fortuna; Green—Sister Lake; Purple—
Vermillion Bay). Stars indicate samples 
are significantly different from the mean 
distribution of random markers
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3.5 | Site-specific DNA methylation trends

Oysters from the Lake Calcasieu (LC) site experience the high-
est annual and short-term mean salinity conditions, spending ap-
proximately 74.2% of the year above 15 psu (Figure 1). Differential 
methylation for LC versus and each of the other three sites (LF, SL, 
and VB) identified 174 (8.0%) of the 100  bp methylated regions 
as significantly differentially methylated. Of these, only six DMRs 
were differentially methylated in all three population comparisons 
against LC. Comparing LC with the low salinity site, VB identi-
fied 103 DMRs while contrasts with the two mid-salinity sites 
(LF and SL) contained 60 and 54 DMRs, respectively (Figure 5). 
Across all regions of gene bodies (2  kb upstream to 2  kb down-
stream), the most significant (lowest q-value) hypomethylated 
DMRs in the LC population were associated with genes coding for 
an uncharacterized long noncoding RNA, a proton-coupled folate 
transporter, and (in one comparison) the enzyme ketohexokinase-
like (Table 1). In addition, the most significant hypermethylated 
DMRs in the LC population were associated with genes coding 
for axonemal-like dynein heavy chain 8 gene, an atrial natriuretic 
peptide receptor 1-like isoform X3, and a serine/threonine-protein 
phosphatase subunit (Appendix S2). Gene ontology (GO) enrich-
ment for DMRs that fell within gene bodies revealed enrichment 
in two biological process ontologies between LC and SL oysters. 
These ontologies were carboxylic acid metabolic process and cel-
lular amino acid metabolic process. GO enrichment also identi-
fied 2 molecular function ontologies between LC and VB which 
were identified as guanyl-nucleotide exchange factor activity and 
S-adenosylmethionine-dependent methyltransferase activity.

The Lake Fortuna site has the second highest annual mean salin-
ity with approximately 51% of the year spent above 15 psu (Figure 1). 
This site also differed from all others in timing of the sampling with 
individuals collected in May. As such, the short-term (10-day) dif-
ference in environmental conditions was largest for temperature 
(Figure 1c). In total, there was 201 (6.6%) 100 bp methylated regions 
identified as significantly differentially methylated in at least one of 
the three comparison with the other sites. Of these, only two DMRs 

were differentially methylated in all three population comparisons 
against LF. Comparing LF with the low salinity site, VB identified 
130 DMRs while contrasts with the mid-salinity and high salinity 
sites (SL and LC) contained 38 and 60 DMRs, respectively. Across 
all regions of gene bodies (2  kb upstream to 2  kb downstream), 
the most significant (lowest q-value) hypomethylated DMRs in the 
LF population were associated with genes coding for the gameto-
cyte surface protein P230, a Protein-L-isoaspartate(D-aspartate) 
O-methyltransferase enzyme, a histone acetyltransferase KAT2B-
like gene, the enzyme ketohexokinase-like (Table 1). The hypermeth-
ylated DMRs in the LF population were associated with gene bodies 
of a germinal center associated nuclear protein, a palmitoyltrans-
ferase ZDHHC17-like gene, a protogenin B-like gene, and a DNA-
directed DNA polymerase (Table 1; Appendix S2). GO enrichment 
identified significant enrichment between LF and VB of the broad 
category extracellular region.

The Sister Lake site has the second lowest annual mean salinity 
spending approximately 71.4% of the year below 15 psu and 7.2% of 
the year below 3.5 psu (Figure 1). There were a total of 111 (8.5%) 
DMRs between Sister Lake and any of the other three sites. Of these, 
only six DMRs were differentially methylated in all three population 
comparisons against SL. Pairwise differences in methylation iden-
tified 54 DMRs when compared with the high salinity site—LC, 38 
DMRs when compared with the mid-salinity site—LF, and 48 DMRs 
when compared with the low salinity site—VB. Hypomethylation of 
gene bodies in the SL population was associated with a uncharac-
terized lncRNA, an insulin-like peptide receptor, and a gene coding 
for the centromere-associated protein E. Hypermethylated DMRs 
in the SLpopulation were associated with a dual specificity protein 
phosphatase 22, a dnaJ homolog subfamily C member 16-like gene, 
and condensin complex subunit 1. GO enrichment also identified 
significant enrichment between SL and VB of the broad category 
extracellular region.

Vermillion Bay has the lowest annual mean salinity of all sites 
with 99.8% of the year below 15  psu, 57% of the year below 
3.5 psu, and had a 10 day mean salinity of 2.9 prior to sampling 
(Figure 1). Vermillion Bay was also identified as having the highest 

F I G U R E  4   Principle component 
analysis plot of PC1 and PC2 of the 
global variation in methylation between 
populations (based on 900 shared 
regions). Ellipses display the standard 
deviation within PC1 and PC2 for each 
group revealing significant overlap
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number of DMRs when compared with all other sites with 253 
(6.95%) of the 100 bp regions identified as significantly differen-
tially methylated in at least one of the 3 pairwise comparisons. 

Pairwise differences in methylation identified 103 DMRs when 
compared with the high salinity site—LC, 130 DMRs when com-
pared with the mid-salinity site—LF, and 48 DMRs when compared 

F I G U R E  5   (a) Hierarchical clustering of CpG methylation between all four populations and the two population comparisons using Ward's 
hierarchical clustering with 1-Pearson's correlation distances. (b–d) Venn diagrams revealing overlap of population-specific differentially 
methylated regions that are driving hierarchical clustering observed in (a). Values presented represent significantly differentially methylated 
regions with hypermethylated regions printed on top and hypomethylated regions printed below

TA B L E  1   Significantly differentially methylated regions (DMRs) identified from the pairwise comparisons

Gene name Gene ID Chromosome Start

LC versus SL 
methylation 
difference (%)

LC versus LF 
methylation 
difference (%)

LC versus VB 
methylation 
difference (%)

Uncharacterize lncRNA gene3398 NC_035780.1 56,803,901 −21.98 −17.91 −15.66

Uncharacterized protein 
LOC111122494

gene10033 NC_035782.1 33,839,401 −15.19 −16.57 −18.26

TATA-binding protein-
associated factor 172-like

gene7372 NC_035781.1 50,910,301 NA −26.67 −21.46

Proton-coupled folate 
transporter-like

gene16442 NC_035783.1 56,622,601 −21.57 −18.81 −15.11

LOW QUALITY PROTEIN: 
dynein heavy chain 8. 
axonemal-like

gene10035 NC_035782.1 34,231,901 27.12 16.26 22.54

Atrial natriuretic peptide 
receptor 1-like isoform X3

gene17788 NC_035784.1 16,257,601 15.09 17.94 15.70

Serine/threonine-protein 
phosphatase 4 regulatory 
subunit 3A-like

gene15310 NC_035783.1 37,214,601 NA 16.36 17.10

Ketohexokinase-like gene19389 NC_035784.1 38,858,801 NA 15.18 −27.35

Note: All comparisons with percent methylation difference had a q-value < 0.05. Full list of DMRs is available in Appendix S2.
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with SL. Hypomethylation of gene bodies in the VB population 
was associated with the gametocyte surface protein P230, a cyto-
solic carboxypeptidase 1-like protein, and an uncharacterized long 
noncoding RNA. Hypermethylated DMRs in the VB populations 
included genes associated with a germinal center associated nu-
clear protein-like, a cytoplasmic dynein 1 heavy chain 1-like iso-
form X1, and a palmitoyltransferase ZDHHC17-like isoform X1. 
GO enrichment also identified significant enrichment between VB 
and both the LF and SL populations of the same broad category 
extracellular region. Genes associated with this ontology in both 
comparisons included regulatory genes such as WNT-5b, neuro-
genic locus notch homolog protein 4-like, and a phosphatidylinosi-
tol-glycan-specific phospholipase D-like gene (Appendix S2).

3.6 | Differential methylation between populations 
identified in conStruct

The final comparison of differences in methylation between 
populations used the results obtained from the conStruct analy-
sis identified significant genomic structure at K  =  3, with nearly 
equal support for K  =  2. After assessment of the structure plot 
in Figure 2, we focused on exploring differences in methylation 
between a K  =  2 model wherein the individuals sampled from 
Lake Calcasieu and Sister Lake were considered to be population 
1 while the individuals sampled at Lake Fortuna and Vermilion 
Bay were considered to be population 2. This approach was cho-
sen to test if the genomic population structure might explain the 
distribution of methylation between populations. Hierarchical 
clustering comparing population 1 with population 2 identified 
clustering based on population with only minimal overlap of in-
dividuals (Figure 5a). Differences in the 10-day mean salinity and 
temperatures between the two population groups showed that 

population 1 was on average 4 psu higher than population 2, but 
population 2 was 7°C warmer than population 1. Global methyla-
tion patterns between these two meta-populations using a pair-
wise assessment of differential methylation identified 282 DMRs. 
The top DMRs within gene bodies were hypomethylated in popu-
lation 2 (LF + VB) when compared with population 1 (LC + SL) and 
were associated with genes coding for a histone acetyltransferase 
KAT6A-like gene, a anoctamin-7-like gene, a ATP-binding cassette 
sub-family A member 3-like gene, and a glutathione synthetase-
like gene. The top hypermethylated DMRs were associated with 
a V-type proton ATPase subunit, a protogenin B-like gene, a so-
dium/hydrogen exchanger 9B2 gene, and dnaJ homolog subfam-
ily C member 1-like gene (Table 2). Gene ontology enrichment 
between these two populations revealed significant enrichment 
among hypermethylated genes associated with the ontology trans-
ferase activity, transferring glycosyl groups. Among the genes that 
were hypomethylated within the transferase activity was a glycyl-
peptide N-tetradecanoyltransferase 2-like gene that had a mean 
methylation of 7.7% methylation in population 2 and a mean meth-
ylation of 27.5% in population 1. This relationship was also true for 
the ATP-binding cassette sub-family A member 3-like gene and an 
uncharacterized protein.

Finally, assessing variation between genomic variation (FST) and 
our estimate of epigenetic variation (PST) identified a mean PST of 
0.10 and a mean FST of 0.023. This suggests that there is almost 5 
times greater variation between populations in methylation than in 
variation of FST (Figure 6a). This separation in PST and FST was also 
seen in each of the pairwise comparisons between populations 
(Figure 6b). This analysis did not reveal any correlation between re-
gions with elevated PST and FST. Finally, analyzing this combination 
of genomic and epigenetic data allowed us to identify differential 
methylation across multiple genomic features in light of the genomic 
evidence for population structure.

TA B L E  2   Significantly differentially methylated regions (DMRs) identified from the K = 2 population comparisons

Gene name Gene ID Chromosome Start
Methylation 
difference (%) q-value

LOW QUALITY PROTEIN: anoctamin−7-like gene17601 NC_035784.1 13,100,700 −28.11 5.67E−12

Histone acetyltransferase KAT6A-like gene10109 NC_035782.1 36,268,900 −26.38 1.11E−06

Ketohexokinase-like gene19389 NC_035784.1 38,858,800 −23.98 1.24E−12

ATP-binding cassette sub-family A member 
3-like

gene29286 NC_035787.1 12,555,600 −20.64 2.16E−40

Glutathione synthetase-like gene28446 NC_035786.1 55,258,701 −17.58 2.30E−09

Protogenin B-like gene38444 NC_035789.1 8,868,800 19.50 1.03E−19

DnaJ homolog subfamily C member 1-like gene36200 NC_035788.1 67,912,000 20.36 1.91E−11

V-type proton ATPase subunit E-like gene24127 NC_035785.1 23,166,100 22.66 1.90E−33

LOW QUALITY PROTEIN: sodium/hydrogen 
exchanger 9B2-like

gene5344 NC_035781.1 20,161,600 29.75 1.99E−15

Transient receptor potential cation channel 
subfamily M member 2-like isoform X2

gene5144 NC_035781.1 16,979,600 47.30 2.85E−35

Note: A full list of DMRs is available in Appendix S2.
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4  | DISCUSSION

There is an emerging interest in understanding the role DNA 
methylation plays in population responses to heterogeneous 
environments (Hofmann, 2017; Hu & Barrett, 2017; Metzger & 
Schulte, 2016). Recent physiological evidence suggests there is 
local adaptation between populations of C.  virginica distributed 
across the northern Gulf of Mexico (GOM) (Leonhardt et al., 
2017). Therefore, this study was designed to assess genetic and 
epigenetic variation between oysters collected from four coastal 
Louisiana sites spanning the range of salinity conditions inhabited 
by oysters in the GOM. By employing a combination of RADseq 
and comparative epigenomic analysis of oysters from these four 
sites, we were able to show significant population structure for 
genetic sequences, but much greater divergence in population 
specific methylation. This suggests that DNA methylation may 
play a greater role than sequence divergence in generating the 
previously observed phenotypic differences among C.  virginica 
populations. While there are potential limitations to these data 
owing to the temporal distribution of collections and variation in 
prior exposure, these data provide important insight into epige-
netic variation across known environmental gradients that may be 

contributing to the establishment of acclimatization and local ad-
aptation among populations of C. virginica in this region.

4.1 | Genetic population structure

A surprising result from our analysis was the observed genetic similari-
ties did not follow a geographic pattern, with the greatest similarities 
between Lake Fortuna and Vermillion Bay and between Lake Calcasieu 
and Sister Lake (Figure 2). We had originally hypothesized that Lake 
Fortuna would be the most divergent population as the Mississippi 
river presents a significant barrier to larval dispersal along coastal 
Louisiana. Our findings may reflect the effects of human management. 
In Louisiana, juvenile (seed) oysters are routinely moved from public 
seed grounds to private oyster leases. Public seed grounds have his-
torically included Lake Calcasieu, Lake Fortuna, and Vermillion Bay, 
and there are private leases within or near Lake Fortuna, Vermillion 
Bay, and Sister Lake. In addition, hatchery produced larvae or juveniles 
have been outplanted at several of these locations by the Louisiana 
Department of Wildlife and Fisheries (Leonhardt, 2013). The influence 
of these oyster transplants and translocations may also explain the 
results from the conStruct analysis which suggests that the observed 
population structure is not driven by an isolation-by-distance effect. 
The conStruct analysis also identified at least two distinct populations 
at each site, possibly reflecting the presence of both “native” and trans-
located or hatchery reared genotypes. Previous studies have observed 
similar patterns that suggest RADseq approaches are valuable tools 
for identifying the influence of management activities on population 
structure (Bernatchez et al., 2019; Silliman, 2019).

4.2 | Global DNA methylation patterns in 
C. virginica

The methylome sequencing approach used in this study revealed 
that approximately 14% of the C. virginica genome is methylated. This 
level of methylation is comparable to previous studies that report 
15% of the C. gigas genome as being methylated (Gavery & Roberts, 
2013; Olson & Roberts, 2014). The distribution of methylated re-
gions across genomic features was also very similar to C. gigas, with 
a slightly higher percentage of regions within promoter regions being 
identified as methylated in C.  virginica (Gavery & Roberts, 2013). 
The observed overlap in frequency and distribution of methylation 
within gill tissue between these two closely related species sug-
gests a conserved role for DNA methylation within oyster genomes. 
Furthermore, the population differences observed here are a snap-
shot of methylation states that are shaped by the environmental 
conditions at the time of collection. The presence of shared meth-
ylation states between individuals within a site strengthens the case 
for exploring potential intergenerational inheritance of these meth-
ylation patterns as was recently demonstrated in C. gigas following 
parental exposure to the herbicide diuron (Rondon et al., 2017).

F I G U R E  6   (a) Per locus PST plotted against FST for loci shared 
between the two datasets. The red spot identifies the intersection 
of the observed mean FST and mean PST for all loci. (b) Pairwise 
estimates of FST and PST for all loci

(a)

(b)
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The range of population specific differentially methylated re-
gions (38–282 regions) was consistently relegated to less than 10% 
of all measured regions (6.7%–8.6%), suggesting that the major-
ity of methylation within the C. virginica genome is fixed and only 
a small portion is plastic. This is consistent with the concept that 
the major function of epigenomic modification is to control cellular 
differentiation and that environmentally induced de novo modifica-
tions are primarily important for maximizing phenotypic plasticity at 
both the cellular and organismal level (Eirin-Lopez & Putnam, 2018). 
Therefore, focusing on the genomic regions that are associated with 
DMRs between the same tissue types from individuals collected at 
the same life-history stages will provide further evidence for which 
genes are important for maximizing genome—phenome diversity 
across a range of environmental conditions.

Among all pairwise assessment of differential methylation, gene 
ontology enrichment was only identified between comparisons of the 
low salinity site Vermillion Bay and both Lake Fortuna and Sister Lake. 
In both cases, the enrichment was among the broad category extra-
cellular region. Genes associated with this ontology were hypermeth-
ylated in Vermilion Bay and may reflect differences in developmental 
stages between individuals at these sites. One caveat regarding these 
data is that the collections presented here was measured on individuals 
that had significant variation in size; however, growth rate in C.virginica 
is dependent on environmental conditions; therefore, attributing age 
based on size is not a dependable method when comparing oysters 
from estuaries known to differ in salinity. However, presence or ab-
sence of gonads as was seen among individuals from Lake Fortuna sug-
gests differences in reproductive status may have an influence on DNA 
methylation. Evidence for this can be seen in the pairwise assessments 
focused on the Lake Fortuna population that identified significant hy-
permethylation of genes associated with developmental processes. 
Specifically, the hypermethylation of protogenin B and germinal cen-
ter associated nuclear protein may reflect seasonal changes in DNA 
methylation that could be associated with reproductive timing. Future 
studies that account for these components will be crucial in validating 
the results presented here as samples varied in both time of collection 
and age of individuals.

4.3 | DNA methylation and population structure

Integrating the conStruct structure results from the RADseq analy-
sis provided an important insight into the influence of genotype on 
DNA methylation. Specifically, adjusting the differential methyla-
tion comparisons to reflect a population structure of K = 2 identi-
fied 282 DMRs that showed enrichment for genes associated with 
transferring glycosyl groups. Specifically, enrichment was seen 
among hypomethylated genes coding for a gene with enzyme an-
notation of glycosyltransferase and the gene coding for a glu-
tathione synthetase-like protein. These enzymes are important for 
the biosynthesis of many carbohydrates and detoxification that 
have been shown to be differentially regulated, at the transcript 

level, in response to stress in other Crassostrea species (Müller et al., 
2018; Tanguy, Boutet, & Moraga, 2005). The hypermethylation of 
ketohexokinase, an enzyme involved in metabolism, suggests that 
differences in food availability between the estuaries may influence 
these methylation patterns. The hypermethylation of ion channels 
such as sodium/hydrogen exchanger 9B2 and the transient recep-
tor potential cation channel suggests that the salinity differences 
between the two population groups may also influence differential 
methylation (Jones et al., 2019). Finally, the hypomethylated DMR 
located within the gene body of the ATP-binding cassette sub-family 
A member 3-like gene was found to be one of three regions that had 
less than 10% methylation in population 2. This gene is putatively 
involved in shell formation, and the transition from 7.5% methylation 
to 36.2% methylation may reflect physiologically significant changes 
in methylation (Feng, Li, Yu, Zhao, & Kong, 2015).

The relationship between genetic and epigenetic population 
structure suggests some influence of genetic structure on methyl-
ation state (see Figure 5). Despite this influence, the greater differ-
ences among populations in methylation suggests there is potentially 
both an environmental and developmental influence on epigenetic 
methylation status. While the RADseq analysis suggests that genetic 
structure may also be influenced by management related activities, 
the presence of a strong differential methylation of ion transporters 
and genes involved in stress responses provides evidence that popu-
lations have unique methylome profiles that may directly regulate the 
plasticity of these genes in response to variation in the environment.

5  | CONCLUSION

Our analyses identified differential methylation among genes known 
to exhibit high plasticity in response to environmental conditions (so-
dium/hydrogen exchanger, glutathione synthetase), to developmen-
tal timing (protogenin B), and DNA damage repair (dnaJ homologs). 
The variation in methylation around these genomic features poten-
tially reflects both differences in timing of collection and differences 
in the environments the individuals were collected from. The DMRs 
identified here serve to highlight the diversity of methylation in the 
Eastern oyster and provide further evidence of the dynamic nature 
of CpG methylation in response to both environmental conditions 
and phenology. In addition, global methylation patterns revealed 
that relationships identified in C. gigas holds true for C. virginica and 
therefore supports the role of CpG methylation in phenotype envi-
ronmental interactions for the genus Crassostrea. Assessing methyla-
tion patterns between populations identified using RADseq analysis 
also highlighted the effects of genomic structure on DNA methyla-
tion. Finally, our RADseq analysis also identified unexpected popu-
lation structure potentially arising from management practices that 
may act counter to local adaptations to salinity within this coastal 
system. These results reinforce the need to combine genomic and 
epigenomic data when seeking to understand divergent population 
responses to heterogeneous environments.



     |  957JOHNSON and KELLY

ACKNOWLEDG EMENTS
We thank Jerome La Peyre, Megan La Peyre, Sandra Casas, Joanna 
Griffiths, Scott Riley, and the Louisiana Department of Fish and 
Wildlife for collecting the oysters used in this study, assistance 
with library preparation, and providing comments on this manu-
script. This research was supported by NSF-BioOCE 1731710, 
Louisiana Sea Grant award NA14OAR4170099, and the Alfred P. 
Sloan Foundation research fellowship awarded to M.W.K. Portions 
of this research were conducted with high performance comput-
ing resources provided by Louisiana State University (http://www.
hpc.lsu.edu). During the project, KMJ was supported by an NSF 
Postdoctoral Fellowship in Biology under Grant No. 1711319.

CONFLIC T OF INTERE S T
None declared.

DATA AVAIL ABILIT Y S TATEMENT
Data for this study will be made publicly available through the 
NCBI SRA database under accession PRJNA488288. STACKS 
code is available in Appendix S1, and all R code associated with 
this analysis is archived on Zenodo at https​://doi.org/10.5281/
zenodo.3551408.

R E FE R E N C E S
Akalin, A., Kormaksson, M., Li, S., Garrett-Bakelman, F. E., Figueroa, 

M. E., Melnick, A., & Mason, C. E. (2012). methylKit: A comprehen-
sive R package for the analysis of genome-wide DNA methylation 
profiles. Genome Biology, 13, R87–R87. https​://doi.org/10.1186/
gb-2012-13-10-r87

Anderson, J. D., Karel, W. J., Mace, C. E., Bartram, B. L., & Hare, M. P. 
(2014). Spatial genetic features of eastern oysters (Crassostrea virg-
inica Gmelin) in the Gulf of Mexico: Northward movement of a sec-
ondary contact zone. Ecology and Evolution, 4, 1671–1685.

Ardura, A., Zaiko, A., Morán, P., Planes, S., & Garcia-Vazquez, E. (2017). 
Epigenetic signatures of invasive status in populations of marine 
invertebrates. Scientific Reports, 7, 42193. https​://doi.org/10.1038/
srep4​2193

Artemov, A. V., Mugue, N. S., Rastorguev, S. M., Zhenilo, S., Mazur, 
A. M., Tsygankova, S. V., … Prokhortchouk, E. B. (2017). Genome-
wide DNA methylation profiling reveals epigenetic adaptation of 
stickleback to marine and freshwater conditions. Molecular Biology 
and Evolution, 34, 2203–2213. https​://doi.org/10.1093/molbe​v/
msx156

Barnes, T. K., Volety, A. K., Chartier, K., Mazzotti, F. J., & Pearlstine, 
L. (2007). A habitat suitability index model for the Eastern Oyster 
(Crassostrea Virginica), a tool for restoration of the Caloosahatchee 
Estuary, Florida. Journal of Shellfish Research, 26, 949–959. https​://
doi.org/10.2983/0730-8000(2007)26[949:AHSIM​F]2.0.CO;2

Bayona-Vásquez, N. J., Glenn, T. C., Kieran, T. J., Pierson, T. W., Hoffberg, 
S. L., Scott, P. A., … Faircloth, B. C. (2019). Adapterama III: Quadruple-
indexed, double/triple-enzyme RADseq libraries (2RAD/3RAD). 
bioRxiv, 205799.

Bernatchez, S., Xuereb, A., Laporte, M., Benestan, L., Steeves, R., 
Laflamme, M., … Mallet, M. A. (2019). Seascape genomics of east-
ern oyster (Crassostrea virginica) along the Atlantic coast of Canada. 
Evolutionary Applications, 12, 587–609.

Bradburd, G. S., Coop, G. M., & Ralph, P. L. (2018). Inferring continu-
ous and discrete population genetic structure across space. Genetics, 
210, 33. https​://doi.org/10.1534/genet​ics.118.301333

Catchen, J., Hohenlohe, P. A., Bassham, S., Amores, A., & Cresko, W. 
A. (2013). Stacks: an analysis tool set for population genomics. Mol 
Ecology, 22(11), 3124–3140. https​://doi.org/10.1111/mec.12354​

Chapman, R. W., Mancia, A., Beal, M., Veloso, A., Rathburn, C., 
Blair, A., … Sanger, D. (2011). The transcriptomic responses 
of the eastern oyster, Crassostrea virginica, to environmen-
tal conditions. Molecular Ecology, 20, 1431–1449. https​://doi.
org/10.1111/j.1365-294X.2011.05018.x

Das, A., Justic, D., Inoue, M., Hoda, A., Huang, H., & Park, D. (2012). 
Impacts of Mississippi River diversions on salinity gradients in a 
deltaic Louisiana estuary: Ecological and management implica-
tions. Estuarine, Coastal and Shelf Science, 111, 17–26. https​://doi.
org/10.1016/j.ecss.2012.06.005

DeBiasse, M. B., & Kelly, M. W. (2016). Plastic and evolved responses to 
global change: What can we learn from comparative transcriptomics? 
Journal of Heredity, 107, 71–81.

Eastern Oyster Biological Review Team (2007). Status review of the east-
ern oyster (Crassostrea virginica). vol. NOAA Tech. Memo. NMFS F/
SPO-88 eds. N. Report. to the National Marine Fisheries Service and 
R. Office), p. 105.

Eirin-Lopez, J. M., & Putnam, H. M. (2018). Marine environmental epi-
genetics. Annual Review of Marine Science, 11, 335–368.

Evans, T. G., & Hofmann, G. E. (2012). Defining the limits of physiologi-
cal plasticity: How gene expression can assess and predict the con-
sequences of ocean change. Philosophical Transactions of the Royal 
Society B: Biological Sciences, 367, 1733–1745.

Feng, D., Li, Q., Yu, H., Zhao, X., & Kong, L. (2015). Comparative transcrip-
tome analysis of the pacific oyster Crassostrea gigas characterized by 
shell colors: Identification of genetic bases potentially involved in 
pigmentation. PLoS ONE, 10(12), e0145257. https​://doi.org/10.1371/
journ​al.pone.0145257

Gavery, M. R., & Roberts, S. B. (2013). Predominant intragenic methyl-
ation is associated with gene expression characteristics in a bivalve 
mollusc. PeerJ, 1, e215. https​://doi.org/10.7717/peerj.215

Glenn, T. C., Nilsen, R., Kieran, T. J., Finger, J. W., Pierson, T. W., Bentley, 
K. E., … Reed, K. (2016). Adapterama I: Universal stubs and prim-
ers for thousands of dual-indexed Illumina libraries (iTru & iNext). 
bioRxiv, 049114

Gómez-Chiarri, M. (2018). Crassostrea virginica genome sequencing and 
assembly, (ed. M. G. I.-W. U. S. o. Medicine). National Center for 
Biotechnology Information.

Gómez-Chiarri, M., Warren, W. C., Guo, X., & Proestou, D. (2015). 
Developing tools for the study of molluscan immunity: The sequenc-
ing of the genome of the eastern oyster, Crassostrea virginica. Fish & 
Shellfish Immunology, 46, 2–4.

Harding, J. M., Powell, E. N., Mann, R., & Southworth, M. (2013). Variations 
in Eastern oyster (Crassostrea virginica) sex-ratios from three Virginia 
estuaries: protandry, growth and demographics. Journal of Marine 
Biological Association of the United Kingdom. 93, 519–531.

Hofmann, G. E. (2017). Ecological epigenetics in marine metazo-
ans. Frontiers in Marine Science, 4, 4. https​://doi.org/10.3389/
fmars.2017.00004​

Hu, J., & Barrett, R. D. H. (2017). Epigenetics in natural animal popu-
lations. Journal of Evolutionary Biology, 30, 1612–1632. https​://doi.
org/10.1111/jeb.13130​

Jones, H. R., Johnson, K. M., & Kelly, M. W. (2019). Synergistic effects of 
temperature and salinity on the gene expression and physiology of 
Crassostrea virginica. Integrative and Comparative Biology, 59(2), 306–319.

Keller, T. E., Han, P., & Yi, S. V. (2016). Evolutionary Transition of pro-
moter and gene body DNA methylation across invertebrate-verte-
brate boundary. Molecular Biology and Evolution, 33(4), 1019–1028. 
https​://doi.org/10.1093/molbe​v/msv345

Kilvitis, H. J., Alvarez, M., Foust, C. M., Schrey, A. W., Robertson, 
M., & Richards, C. L. (2014). Ecological epigenetics. Advances in 
Experimental Medicine and Biology, 191–210.

http://www.hpc.lsu.edu
http://www.hpc.lsu.edu
https://doi.org/10.5281/zenodo.3551408
https://doi.org/10.5281/zenodo.3551408
https://doi.org/10.1186/gb-2012-13-10-r87
https://doi.org/10.1186/gb-2012-13-10-r87
https://doi.org/10.1038/srep42193
https://doi.org/10.1038/srep42193
https://doi.org/10.1093/molbev/msx156
https://doi.org/10.1093/molbev/msx156
https://doi.org/10.2983/0730-8000(2007)26%5B949:AHSIMF%5D2.0.CO;2
https://doi.org/10.2983/0730-8000(2007)26%5B949:AHSIMF%5D2.0.CO;2
https://doi.org/10.1534/genetics.118.301333
https://doi.org/10.1111/mec.12354
https://doi.org/10.1111/j.1365-294X.2011.05018.x
https://doi.org/10.1111/j.1365-294X.2011.05018.x
https://doi.org/10.1016/j.ecss.2012.06.005
https://doi.org/10.1016/j.ecss.2012.06.005
https://doi.org/10.1371/journal.pone.0145257
https://doi.org/10.1371/journal.pone.0145257
https://doi.org/10.7717/peerj.215
https://doi.org/10.3389/fmars.2017.00004
https://doi.org/10.3389/fmars.2017.00004
https://doi.org/10.1111/jeb.13130
https://doi.org/10.1111/jeb.13130
https://doi.org/10.1093/molbev/msv345


958  |     JOHNSON and KELLY

Klironomos, F. D., Berg, J., & Collins, S. (2016). How epigenetic mutations 
can affect genetic evolution: Model and mechanism. BioEssays, 35, 
571–578. https​://doi.org/10.1002/bies.20120​0169

Kronholm, I., & Collins, S. (2016). Epigenetic mutations can both help and 
hinder adaptive evolution. Molecular Ecology, 25, 1856–1868. https​://
doi.org/10.1111/mec.13296​

Krueger, F. (2015). Trim Galore!: A wrapper tool around Cutadapt and 
FastQC to consistently apply quality and adapter trimming to FastQ files.

Krueger, F., & Andrews, S. R. (2011). Bismark: A flexible aligner and meth-
ylation caller for Bisulfite-Seq applications. Bioinformatics, 27, 1571–
1572. https​://doi.org/10.1093/bioin​forma​tics/btr167

Langmead, B., & Salzberg, S. (2012). Fast gapped-read alignment with 
Bowtie 2. Nature Methods, 9, 357–359.

Leinonen, T., McCairns, R. J. S., O’Hara, R. B., & Merilä, J. (2013). Q(ST)-
F(ST) comparisons: Evolutionary and ecological insights from ge-
nomic heterogeneity. Nature Reviews Genetics, 14, 179–190. https​://
doi.org/10.1038/nrg3395

Leonhardt, E. R. (2013). Monitoring the survival of hatchery-produced spat 
and larvae on Louisiana public oyster reefs. LSU Master's Theses, 4028.

Leonhardt, J. M., Casas, S., Supan, J. E., & La Peyre, J. F. (2017). Stock 
assessment for eastern oyster seed production and field grow-out 
in Louisiana. Aquaculture, 466, 9–19. https​://doi.org/10.1016/j.aquac​
ulture.2016.09.034

Liu, S., Sun, K., Jiang, T., & Feng, J. (2015). Natural epigenetic variation 
in bats and its role in evolution. Journal of Experimental Biology, 218, 
100–106. https​://doi.org/10.1242/jeb.107243

Massicotte, R., Whitelaw, E., & Angers, B. (2011). DNA methylation: A 
source of random variation in natural populations. Epigenetics, 6, 
421–427. https​://doi.org/10.4161/epi.6.4.14532​

Mathers, T. C., Mugford, S. T., Percival-Alwyn, L., Chen, Y., Kaithakottil, 
G., Swarbreck, D., … van Oosterhout, C. (2019). Sex-specific changes 
in the aphid DNA methylation landscape. Molecular Ecology, 28, 
4228–4241.

Metzger, D. C., & Schulte, P. M. (2016). Epigenomics in marine 
fishes. Marine Genomics, 30, 43–54. https​://doi.org/10.1016/j.
margen.2016.01.004.

Meyer, D. L., Townsend, E. C., & Thayer, G. W. (1997). Stabilization 
and erosion control value of oyster cultch for intertidal marsh. 
Restoration Ecology, 5, 93–99. https​://doi.org/10.1046/j.1526-100X. 
1997.09710.x

Müller, G. A. S., Lüchmann, K. H., Razzera, G., Toledo-Silva, G., Bebianno, 
M. J., Marques, M. R. F., & Bainy, A. C. D. (2018). Proteomic response 
of gill microsomes of Crassostrea brasiliana exposed to diesel fuel wa-
ter-accommodated fraction. Aquatjc Toxicology, 201, 109–118. https​
://doi.org/10.1016/j.aquat​ox.2018.06.001

Olson, C. E., & Roberts, S. B. (2014). Genome-wide profiling of DNA 
methylation and gene expression in Crassostrea gigas male gam-
etes. Frontiers in Physiology, 5, 224. https​://doi.org/10.3389/fphys. 
2014.00224​

Platt, A., Gugger, P. F., Pellegrini, M., & Sork, V. L. (2015). Genome-wide 
signature of local adaptation linked to variable CpG methylation in 
oak populations. Molecular Ecology, 24, 3823–3830. https​://doi.
org/10.1111/mec.13230​

Plunket, J., & La Peyre, M. K. (2005). Oyster beds as fish and macroinver-
tebrate habitat in Barataria Bay, Louisiana. Bulletin of Marine Science, 
77, 155–164.

Powell, E. J., & Keim, B. D. (2015). Trends in daily temperature and 
precipitation extremes for the Southeastern United States: 1948–
2012. Journal of Climate, 28, 1592–1612. https​://doi.org/10.1175/
JCLI-D-14-00410.1

Riviere, G. (2014). Epigenetic features in the oyster Crassostrea gigas 
suggestive of functionally relevant promoter DNA methylation in in-
vertebrates. Frontiers in Physiology, 5, 129. https​://doi.org/10.3389/
fphys.2014.00129​

Riviere, G., Wu, G.-C., Fellous, A., Goux, D., Sourdaine, P., & Favrel, P. 
(2013). DNA methylation is crucial for the early development in 
the Oyster C. gigas. Marine Biotechnology, 15, 739–753. https​://doi.
org/10.1007/s10126-013-9523-2

Rondon, R., Grunau, C., Fallet, M., Charlemagne, N., Sussarellu, R., 
Chaparro, C., … Cosseau, C. (2017). Effects of a parental exposure to 
diuron on Pacific oyster spat methylome. Environmental Epigenetics, 
3, dvx004. https​://doi.org/10.1093/eep/dvx004

Sanford, E., & Kelly, M. W. (2011). Local Adaptation in marine inverte-
brates. Annual Review of Marine Science, 3, 509–535. https​://doi.
org/10.1146/annur​ev-marine-120709-142756

Schrey, A. W., Alvarez, M., Foust, C. M., Kilvitis, H. J., Lee, J. D., Liebl, 
A. L., … Robertson, M. (2013). Ecological epigenetics: Beyond MS-
AFLP. Integrative and Comparative Biology, 53, 340–350. https​://doi.
org/10.1093/icb/ict012

Shumway, S. (1996). Natural environmental factors in the Eastern Oyster 
Crassostrea virginica (pp. 467–513). Maryland: Maryland Sea Grant 
College.

Silliman, K. (2019). Population structure, genetic connectivity, and adap-
tation in the Olympia oyster (Ostrea lurida) along the west coast of 
North America. Evolutionary Applications, 12, 923–939.

Skinner, M. K., Gurerrero-Bosagna, C., Haque, M. M., Nilsson, E. E., Koop, 
J. A., Knutie, S. A., & Clayton, D. H. (2014). Epigenetics and the evolu-
tion of Darwin’s finches. Genome Biology and Evolution, 6, 1972–1989. 
https​://doi.org/10.1093/gbe/evu158

Somero, G. N. (2010). The physiology of climate change: How potentials 
for acclimatization and genetic adaptation will determine 'winners' 
and 'losers'. Journal of Experimental Biology, 213, 912–920. https​://
doi.org/10.1242/jeb.037473

Song, K., Li, L., & Zhang, G. (2017). The association between DNA methyl-
ation and exon expression in the Pacific oyster Crassostrea gigas. PLoS 
ONE, 12, e0185224. https​://doi.org/10.1371/journ​al.pone.0185224

Stillman, J. H., & Armstrong, E. (2015). Genomics are transforming our 
understanding of responses to climate change. BioScience, 65, 237–
246. https​://doi.org/10.1093/biosc​i/biu219

Tanguy, A., Boutet, I., & Moraga, D. (2005). Molecular characterization 
of the glutamine synthetase gene in the Pacific oyster Crassostrea 
gigas: Expression study in response to xenobiotic exposure and de-
velopmental stage. Biochimica Et Biophysica Acta, 1681, 116–125. 
https​://doi.org/10.1016/j.bbaexp.2004.10.010

Trucchi, E., Mazzarella, A. B., Gilfillan, G. D., Lorenzo, M. T., Schonswetter, 
P., & Paun, O. (2016). BsRADseq: Screening DNA methylation in nat-
ural populations of non-model species. Molecular Ecology, 25, 1697–
1713. https​://doi.org/10.1111/mec.13550​

Van Gurp, T. P., Wagemaker, N. C., Wouters, B., Vergeer, P., Ouborg, J. 
N., & Verhoeven, K. J. (2016). epiGBS: Reference-free reduced rep-
resentation bisulfite sequencing. Nature Methods, 13, 322–324. https​
://doi.org/10.1038/nmeth.3763

Varney, R. L., Galindo-Sánchez, C. E., Cruz, P., & Gaffney, P. M. (2009). 
Population genetics of the Eastern Oyster Crassostrea Virginica 
(Gmelin, 1791) in the Gulf of Mexico. Journal of Shellfish Research, 28, 
855–865. https​://doi.org/10.2983/035.028.0415

Verhoeven, K. J., vonHoldt, B. M., & Sork, V. L. (2016). Epigenetics in 
ecology and evolution: What we know and what we need to know. 
Molecular Ecology, 25, 1631–1638.

Vu, W. T., Chang, P. L., Moriuchi, K. S., & Friesen, M. L. (2015). Genetic 
variation of transgenerational plasticity of offspring germination in 
response to salinity stress and the seed transcriptome of Medicago 
truncatula. BMC Evolutionary Biology, 15, 59. https​://doi.org/10.1186/
s12862-015-0322-4

Wan, Z. Y., Xia, J. H., Lin, G., Wang, L., Lin, V. C., & Yue, G. H. (2016). 
Genome-wide methylation analysis identified sexually dimorphic 
methylated regions in hybrid tilapia. Scientific Reports, 6, 35903. 
https​://doi.org/10.1038/srep3​5903

https://doi.org/10.1002/bies.201200169
https://doi.org/10.1111/mec.13296
https://doi.org/10.1111/mec.13296
https://doi.org/10.1093/bioinformatics/btr167
https://doi.org/10.1038/nrg3395
https://doi.org/10.1038/nrg3395
https://doi.org/10.1016/j.aquaculture.2016.09.034
https://doi.org/10.1016/j.aquaculture.2016.09.034
https://doi.org/10.1242/jeb.107243
https://doi.org/10.4161/epi.6.4.14532
https://doi.org/10.1016/j.margen.2016.01.004
https://doi.org/10.1016/j.margen.2016.01.004
https://doi.org/10.1046/j.1526-100X.1997.09710.x
https://doi.org/10.1046/j.1526-100X.1997.09710.x
https://doi.org/10.1016/j.aquatox.2018.06.001
https://doi.org/10.1016/j.aquatox.2018.06.001
https://doi.org/10.3389/fphys.2014.00224
https://doi.org/10.3389/fphys.2014.00224
https://doi.org/10.1111/mec.13230
https://doi.org/10.1111/mec.13230
https://doi.org/10.1175/JCLI-D-14-00410.1
https://doi.org/10.1175/JCLI-D-14-00410.1
https://doi.org/10.3389/fphys.2014.00129
https://doi.org/10.3389/fphys.2014.00129
https://doi.org/10.1007/s10126-013-9523-2
https://doi.org/10.1007/s10126-013-9523-2
https://doi.org/10.1093/eep/dvx004
https://doi.org/10.1146/annurev-marine-120709-142756
https://doi.org/10.1146/annurev-marine-120709-142756
https://doi.org/10.1093/icb/ict012
https://doi.org/10.1093/icb/ict012
https://doi.org/10.1093/gbe/evu158
https://doi.org/10.1242/jeb.037473
https://doi.org/10.1242/jeb.037473
https://doi.org/10.1371/journal.pone.0185224
https://doi.org/10.1093/biosci/biu219
https://doi.org/10.1016/j.bbaexp.2004.10.010
https://doi.org/10.1111/mec.13550
https://doi.org/10.1038/nmeth.3763
https://doi.org/10.1038/nmeth.3763
https://doi.org/10.2983/035.028.0415
https://doi.org/10.1186/s12862-015-0322-4
https://doi.org/10.1186/s12862-015-0322-4
https://doi.org/10.1038/srep35903


     |  959JOHNSON and KELLY

Wong, J. M., Johnson, K. M., Kelly, M. W., & Hofmann, G. E. (2018). 
Transcriptomics reveal transgenerational effects in purple sea ur-
chins exposed to upwelling conditions, and the response of their 
progeny to differential pCO2 levels. Molecular Ecology, 27, 1120–1137

Wright, R. M., Aglyamova, G. V., Meyer, E., & Matz, M. V. (2016). Gene 
expression associated with white syndromes in a reef-building coral, 
Acropora Hyacinthus. BMC Genomics, 16, 371.

Xuereb, A., Benestan, L., Normandeau, É., Daigle, R. M., Curtis, J. M. R., 
Bernatchez, L., & Fortin, M.-J. (2018). Asymmetric oceanographic 
processes mediate connectivity and population genetic structure, 
as revealed by RADseq, in a highly dispersive marine invertebrate 
(Parastichopus californicus). Molecular Ecology, 27, 2347–2364.

Yaish, M. W., Peng, M., & Rothstein, S. J. (2014). Global DNA methylation 
analysis using methyl-sensitive amplification polymorphism (MSAP). 
Methods in Molecular Biology, 1062, 285–298.

Zhu, L. J., Gazin, C., Lawson, N. D., Pagès, H., Lin, S. M., Lapointe, D. S., 
& Green, M. R. (2010). ChIPpeakAnno: A Bioconductor package to 

annotate ChIP-seq and ChIP-chip data. BMC Bioinformatics, 11, 237. 
https​://doi.org/10.1186/1471-2105-11-237

SUPPORTING INFORMATION
Additional supporting information may be found online in the 
Supporting Information section.  

How to cite this article: Johnson KM, Kelly MW. Population 
epigenetic divergence exceeds genetic divergence in the 
Eastern oyster Crassostrea virginica in the Northern Gulf of 
Mexico. Evol Appl. 2020;13:945–959. https​://doi.org/10.1111/
eva.12912​

https://doi.org/10.1186/1471-2105-11-237
https://doi.org/10.1111/eva.12912
https://doi.org/10.1111/eva.12912

