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Abstract 

Background  Populations colonizing contrasting environments are likely to undergo adaptive divergence and evolve 
ecotypes with locally adapted phenotypes. While diverse molecular mechanisms underlying ecotype divergence 
have been identified, less is known about their interplay and degree of divergence.

Results  Here we integrated epigenomic and transcriptomic data to explore the interactions among gene expression, 
alternative splicing, DNA methylation, and microRNA expression to gauge the extent to which patterns of divergence 
at the four molecular levels are aligned in a case of postglacial divergence between marine and freshwater ecotypes 
of nine-spined sticklebacks (Pungitius pungitius). Despite significant genome-wide associations between epigenomic 
and transcriptomic variation, we found largely non-parallel patterns of ecotype divergence across epigenomic 
and transcriptomic levels, with predominantly nonoverlapping (ranging from 43.40 to 87.98%) sets of differen-
tially expressed, spliced and methylated genes, and candidate genes targeted by differentially expressed miRNA 
between the ecotypes. Furthermore, we found significant variation in the extent of ecotype divergence across dif-
ferent molecular mechanisms, with differential methylation and differential splicing showing the highest and lowest 
extent of divergence between ecotypes, respectively. Finally, we found a significant enrichment of genes associated 
with ecotype divergence in differential methylation.

Conclusions  Our results suggest a nuanced relationship between epigenomic and transcriptomic processes, 
with alignment at the genome-wide level masking relatively independent effects of different molecular mechanisms 
on ecotype divergence at the gene level.
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Background
Populations occupying diverse habitats often undergo 
adaptive evolution and develop into ecotypes that differ 
in traits shaped by their local environments [1]. Uncov-
ering the molecular underpinnings of adaptive evolution 
and ecotype divergence is central to evolutionary biology 
[2]. Many studies have successfully identified adaptive 
allelic differentiation between ecotypes [3–5], and dem-
onstrated that variation in gene expression can also play 
key role in adaptation [6–11]. However, non-genetic and 
post-transcriptional variation underlying ecotype diver-
gence are much less studied than allelic and gene expres-
sion variation, especially in non-model species exhibiting 
local adaptation under natural conditions [12, 13]. For 
example, epigenetic modifications, especially DNA meth-
ylation in vertebrate animals, has been increasingly 
acknowledged as an important non-genetic regulator for 
transcription activation and repression as well as struc-
tural alteration of transcripts. Changes in DNA methyla-
tion have been suggested to contribute to the adaptive 
phenotypic divergence in marine versus freshwater 
ecotypes of the three-spined stickleback, sulfidic versus 
non-sulfidic populations of Poecilia mexicana, and urban 
versus forest populations of a passerine bird [14–18], 
partially due to the stable transmission of adaptive DNA 
methylation variation across generations [14, 17, 19].

In addition to DNA methylation, diverse mechanisms 
have been suggested to be involved in the transcriptional 
and post-transcriptional regulation of gene expression in 
a wide range of animal taxa [20]. Most, if not all, of cur-
rent studies investigating variation in gene expression 
between ecotypes in natural populations have focused 
on changes at transcript level, with a number of studies 
revealing heritable gene expression differences among 
populations adapted to distinct environments [21–23]. 
However, emerging evidence suggests that post-tran-
scriptional mechanisms such as alternative splicing can 
play important role relative to changes at transcript level 
in contributing to adaptation [24]. Alternative splicing 
can enable the generation of structurally variable tran-
scripts from a single gene and potentially provides a 
mechanism for reducing constraints on highly pleiotropic 
genes [25]. Recent studies have suggested that alterna-
tive splicing might be in part modulated by microRNAs 
(miRNAs), which are short non-coding RNAs (~ 22 nt 
in length) [26]. Furthermore, miRNAs that downregu-
late gene expression through mRNA cleavage and/or 
translational repression could also play role in facilitat-
ing adaptation. Indeed, there is evidence of variation in 
splicing patterns and miRNA expression among locally 
adapted lineages [27–33]. Despite the importance of gene 
expression and its regulatory mechanisms in modulating 
the phenotypic responses of organisms to environmental 

change, the interplay between these diverse mechanisms 
in mediating adaptation to contrasting environments 
in natural study systems remains largely unexplored. 
Moreover, regulatory changes have been suggested to 
play a predominant role during evolution of adaptive 
phenotypes [34]. Therefore, understanding the ways that 
different molecular mechanisms influence the ecotype 
divergence of organisms is crucial for determining their 
relative contributions to adaptive evolution, and deserves 
to be investigated systematically.

Theoretical studies have hypothesized that evolution 
can achieve similar phenotypic outcomes via both paral-
lel and non-parallel processes if changes occur at differ-
ent levels of molecular organization. Furthermore, the 
amount of change at each level is assumed to depend on 
the degree of redundancy between levels [35, 36]. Thus, 
similarity of evolutionary change at one hierarchical level 
between populations may not imply similarity at another 
level. In addition, the complex relationship between lev-
els may also affect the probability of finding similarities at 
different levels underlying phenotypic convergence. For 
example, the relationship between genetic and epigenetic 
variation can vary from completely dependent to largely 
independent [37, 38]. Consequently, parallel changes may 
occur if epigenetic variation is under genetic control, 
while non-parallel changes may be observed when epi-
genetic variation is autonomous from genetic variation. 
Yet empirical studies have mainly searched for signa-
tures of parallel molecular change underlying phenotypic 
convergence at a single molecular level (i.e., allelic, gene 
expression or protein level) [39–50]. Even in these stud-
ies, individual cases have demonstrated large variation 
in the fraction of genome reused in evolution, including 
absence of any shared changes, similarity in functional 
pathways but not genes, reuse of a limited number of 
genes, and abundant overlap at both gene and functional 
levels. Despite a few studies analyzing the patterns of 
phenotypic plasticity across hierarchical levels of molec-
ular organization within a single generation [51–53], 
we lack empirical information on the extent to which 
divergence occurs in parallel across levels over longer 
timescales.

Here, we assess the interplay between epigenomic and 
transcriptomic variation underlying adaptive evolution 
and evaluate the degree of divergence across epigenomic 
(i.e., DNA methylation and miRNA) and transcriptomic 
(i.e., gene expression and alternative splicing) levels 
(hereafter referred to as “molecular levels”) in the nine-
spined stickleback (Pungitius pungitius). This species has 
a circumpolar distribution in the Northern Hemisphere 
across marine and freshwater habitats. These distinct 
environmental conditions impose differences in selec-
tion pressures among habitats, which has led to repeated 
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morphological, behavioral, and physiological adaptations 
to produce distinct marine and freshwater ecotypes [54]. 
Therefore, the distinct nine-spined stickleback ecotypes 
provide an opportunity for investigations aimed at dis-
entangling the relative importance of different molecu-
lar levels in influencing adaptive phenotypic evolution, 
and quantifying the degree of parallelism among these 
molecular levels. We address the aforementioned knowl-
edge gap by measuring gene expression, alternative splic-
ing events, miRNA expression, and DNA methylation in 
two marine populations and two freshwater populations 
of P. pungitius, and analyzing the differences between 
marine and freshwater ecotypes across these epigenomic 
and transcriptomic levels. Our goal was twofold: (1) 
to provide the first insights into the interplay among 
molecular mechanisms (viz. gene expression, alternative 
splicing events, miRNA expression, and DNA methyla-
tion) underpinning adaptive evolution, and (2) to assess 
the degree of parallelism (i.e., the overlap of loci involved 
in ecotype divergence and the relative strength of diver-
gence) between the four mechanisms underlying adaptive 
phenotypic divergence.

Results
Extensive changes in gene expression, alternative 
splicing, miRNA expression, and DNA methylation 
between ecotypes
For gene expression analysis, we filtered genes with low 
expression and retained 13,467 genes for downstream 
analysis. To identify general gene expression patterns, 
we performed principal component analysis (PCA) on 
rlog-transformed read counts of the 13,467 filtered genes 
across all samples. PC1 (variance explained: 69.14%) 
clearly separated brain and liver samples. Within the 
same tissue, PC2 (variance explained: 10.03%) mainly 
separated marine and freshwater ecotype samples, with 
the exception of two marine fish clustering with freshwa-
ter fish (Fig. 1a; Additional file 1: Fig. S1a). The quadratic 
discriminant analysis (QDA) showed that gene expres-
sion pattern could accurately separate ecotypes, with 
accuracy of 0.80 estimated from the cross-validation 
of the model (Additional file  1: Fig. S2a). We identified 
2,088 and 1,667 differentially expressed genes (DEGs) in 
brain and liver tissues, respectively (Fig. 2a, b), with the 
number of identified DEGs significantly greater than 
expected by chance (permutation analysis, p = 0.011 in 
brain; p = 0.015 in liver; Additional file 1: Fig. S3a-b). The 
finding of a greater number of DEGs in brain is consist-
ent with previous studies analyzing ecotype divergence 
at the gene expression level using these same populations 
of nine-spined sticklebacks [55]. Our power analysis sug-
gests that the influence of type 2 error on our criteria for 
calling DEGs based on our sample size is small, with our 

sample size and sequencing depth achieving a power of 
0.90 for both brain and liver (Additional file 1: Fig. S4a-
b). Based on Euclidean distances of relative gene expres-
sion levels (i.e., normalized read counts scaled for each 
gene’s expression level, with median read counts equal 
to 0), individual fish mainly clustered by their ecotypes 
within each tissue type.

For alternative splicing analysis, we first identified gen-
eral splicing patterns using PCA based on 29,418 splic-
ing events across all samples. PC1 (variance explained: 
38.38%) clearly separated brain and liver samples. Within 
the same tissue, PC2 (variance explained: 8.85%) sepa-
rated marine and freshwater ecotype samples, except for 
one marine sample that clustered with freshwater sam-
ples (Fig. 1b; Additional file 1: Fig. S1b). The QDA showed 
that splicing pattern could accurately separate ecotypes, 
with accuracy of 1.00 estimated from cross-validation of 
the model (Additional file 1: Fig. S2b). We then assessed 
the number of alternative splicing events in each tissue. 
We detected all five alternative splicing events in both 
brain and liver tissues. In total, we found 35,744 splicing 
events in 8,416 genes in brain, and 23,274 splicing events 
in 5,645 genes in liver. Based on differential splicing 
events, we identified 1,802 and 1,198 differentially spliced 
genes (DSGs) in brain and liver, respectively (Fig. 2c, d). 
In both tissues, intron retention (RI) was the most abun-
dant splicing event, while mutually exclusive exon (MXE) 
was the least abundant. Between 4.28 and 12.38% of the 
detected events were differentially spliced, with RI also 
showing higher number of differential splicing compared 
to the other four types of splicing events in both tissues 
(Additional file 1: Fig. S5a-b). The relatively more impor-
tant role for RI in ecotype divergence was further sup-
ported by our PCA-by-splice analyses. Similar to gene 
expression PCA results, both of our exon- and intron-
based analysis showed a clear separation between tis-
sues along PC1 (exon-based: variance explained 15.68%; 
intron-based 49.23%). However, marine and freshwater 
ecotypes clustered more clearly along PC2 in intron-
based analysis (Additional file  1: Fig. S5c-d). In addi-
tion, in contrast to the 438 and 265 differentially spliced 
intron clusters identified in brain and liver, respectively, 
we found no differential exon usage in either of the tis-
sues. Thus, the PCA-by-splice analyses supported our 
event-based results that variation in intron splicing was 
likely to play larger role in ecotype divergence than vari-
ation in exon splicing, with the marine ecotype retaining 
more introns than the freshwater ecotype in differential 
splicing (median ΔPSI for all differentially spliced RI 
in brain: 1.00 × 10−3; median ΔPSI for all differentially 
spliced RI in liver: 1.00 × 10−3; Additional file 1: Fig. S5e-
f ), although the difference between ecotypes was not 
significant in brain (brain, Kruskal–Wallis test: χ2 = 0.02, 
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df = 1, p = 0.89; liver, Kruskal–Wallis test: χ2 = 4.68, 
df = 1, p = 0.03). Based on our sample size and sequenc-
ing depth, the influence of type 2 error on our criteria for 
calling splicing events using rMAT should be small (true 
positive rate of 0.8) [56].

For miRNA expression, we annotated 444 precursor 
miRNAs, among which 349 (78.60%) were conserved 
(i.e., with orthologous miRNAs already identified in other 
species registered in miRBase and our choice of closely 
related fish species), whereas the remaining 95 (21.40%) 

Fig. 1  Epigenomic and transcriptomic divergence patterns between ecotypes. Principal component analysis (PCA) of (a) gene expression, (b) 
alternative splicing events, (c) miRNA expression, and (d) methylation profiles for marine (orange) and freshwater (light blue) in brain (circle) 
and liver (triangle). The numbers of (a) genes, (b) splicing events, (c) miRNAs, and (d) CpG sites used for PCA analyses are indicated in parentheses

Fig. 2  Epigenomic and transcriptomic divergence between ecotypes. Heatmaps of (a, b) differentially expressed genes (DEGs), (c, d) differentially 
spliced genes (DSGs), (e, f) differentially expressed miRNAs (DEmiRs), and (g, h) differentially methylated cytosines (DMCs) in brain and liver 
tissues. Each column represents one sample, and each row represents one DEG/DSG/DEmiR/DMC. Columns and rows are both clustered using 
the “complete” clustering method based on Euclidean distances of samples or DEGs/DSGs/DEmiRs/DMCs. The color bar represents relative 
expression or methylation level, where darker red indicates higher expression or methylation level, while darker blue indicates lower expression 
or methylation level in that sample. The numbers of (a, b) DEGs, (c, d) DSGs, (e, f) DEmiRs, and (g, h) DMCs used for clustering are indicated 
in parentheses

(See figure on next page.)
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Fig. 2  (See legend on previous page.)
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were novel (Additional file  1: Fig. S6a; Additional file  2: 
Table S1). We found that the total miRNA population was 
mainly comprised of several highly expressed miRNAs 
and that their composition varied across tissues (Addi-
tional file 1: Fig. S6b). Similar to gene expression analy-
sis, we filtered miRNAs with low expression and retained 
118 miRNAs for downstream analysis. As observed for 
gene expression patterns, when performing PCA on the 
expression levels of 118 filtered miRNAs, we found that 
PC1 (variance explained: 82.13%) clearly separated brain 
and liver tissues. Within the same tissue, PC2 (variance 
explained: 4.87%) mainly separated marine and freshwa-
ter ecotype samples, although there was partial overlap 
between marine and freshwater ecotype samples (Fig. 1c; 
Additional file 1: Fig. S1c). The QDA showed that miRNA 
expression pattern could accurately separate ecotypes, 
with accuracy of 0.80 estimated from cross-validation of 
the model (Additional file 1: Fig. S2c). We thus analyzed 
differential expression of miRNAs between ecotypes sep-
arately for brain and liver and identified 18 and 37 differ-
entially expressed miRNAs (DEmiRs) in brain and liver, 
respectively, with similar numbers of miRNAs up- and 
downregulated in marine ecotypes relative to freshwa-
ter ecotypes in both tissues (brain: 10 up- vs. 8 down-
regulated; liver: 23 up- vs. 14 downregulated; Additional 
file 1: Fig. S6c-d). Permutation analyses revealed that in 
both tissues, the observed numbers of DEmiRs were sig-
nificantly greater than expected by chance (p < 0.001 in 
brain; p = 0.011 in liver; Additional file 1: Fig. S3c-d). Our 
power analysis suggests that our sample size should pro-
vide moderate to high power for calling DEmiRs, with a 
power of 0.68 and 0.88 achieved for brain and liver sam-
ples, respectively (Additional file 1: Fig. S4c-d). Based on 
Euclidean distances of relative miRNA expression (i.e., 
normalized read counts scaled for each miRNA’s expres-
sion level, with the median read equaling 0), individual 
fish mainly clustered by their ecotypes within each tissue 
(Fig. 2e, f ).

For DNA methylation analysis, PCA on filtered CpGs 
showed a clear separation between tissues along PC1 
(variance explained: 22.26%) as well as a clear separa-
tion between ecotypes along PC2 (variance explained: 
6.56%) (Fig.  1d; Additional file  1: Fig. S1d). The QDA 
showed that DNA methylation could accurately separate 
ecotypes, with accuracy of 1.00 estimated from cross-val-
idation of the model (Additional file  1: Fig. S2d). When 
analyzing the proximity of differentially methylated 
cytosines (DMCs) to CpG islands (CpGi), we found 42.36 
and 40.13% of DMCs within or proximal to CpGi (i.e., 
within CpGi shores or CpGi shelves) in brain and liver 
tissues, respectively, supporting their potential functional 
roles in gene expression (Additional file 1: Fig. S7a). How-
ever, when analyzing the distribution of genomic features 

(i.e., promoters, exons, introns, and intergenic regions) 
built on DMCs, we found no significant enrichment of 
DMCs in any genomic features in brain and liver tissues 
compared to the null distribution built on the 1,566,573 
filtered CpGs (G-test, p > 0.05). Based on filtered CpGs, 
we identified 1,433 and 1,732 DMCs between ecotypes 
in brain and liver tissues, respectively, with no apparent 
clustering on specific chromosomes or chromosomal 
regions (Additional file 1: Fig. S7b-c). Permutation analy-
ses revealed that in both tissues, the observed numbers 
of DMCs were significantly greater than expected by 
chance (p < 0.001 in both brain and liver; Additional file 1: 
Fig. S3e-f ). Our power analysis suggests that less than 1% 
of sites are likely to have been falsely identified as non-
DMCs (Additional file  1: Fig. S4e) across all effect size 
groups. This implies that the impact of type 2 error on 
our criterion for identifying DMCs is limited and would 
only affect a small number of sites. Individual fish clus-
tered by their ecotype based on Euclidean distance of 
relative percent DNA methylation (normalized percent 
DNA methylation scaled for each DMC’s percent DNA 
methylation) in both tissue types (Fig. 2g, h).

Genome‑wide and localized interplay between epigenomic 
and transcriptomic variation
We analyzed the interplay between epigenomic and tran-
scriptomic variation at two scales. First, we quantified 
the proportion of the total gene expression or splicing 
variation that is significantly associated with epigenetic 
variation at a genome-wide scale. For gene expression, 
when considering the full data set, miRNA and DNA 
methylation levels jointly explained a significant pro-
portion of total gene expression variation in both brain 
(adjusted R2 = 0.58, F(6,6) = 3.74, p < 0.01; Fig.  3a) and 
liver (adjusted R2 = 0.82, F(6,6) = 10.07, p < 0.01; Fig.  3b). 
miRNA and DNA methylation separately explained 
50.48% (adjusted R2 = 0.50, F(3,9) = 5.08, p < 0.01) and 
38.66% (adjusted R2 = 0.39, F(3,9) = 3.52, p < 0.01) of vari-
ance in gene expression in brain (Fig.  3a), and 66.06% 
(adjusted R2 = 0.66, F(3,9) = 8.78, p < 0.01) and 61.86% 
(adjusted R2 = 0.62, F(3,9) = 7.49, p < 0.01) of variance in 
gene expression in liver (Fig.  3b). When controlling for 
miRNA effects, DNA methylation explained a significant 
proportion of variance in gene expression only in liver 
(adjusted R2 = 0.16, F(3,6) = 3.64, p < 0.05) but not in brain 
(adjusted R2 = 0.07, F(3,6) = 1.52, p > 0.05). Similarly, when 
controlling for DNA methylation effect, miRNA also 
explained a significant proportion of variance in gene 
expression only in liver (adjusted R2 = 0.20, F(3,6) = 4.33, 
p < 0.05) but not in brain (adjusted R2 = 0.19, F(3,6) = 2.36, 
p > 0.05). For splicing, when considering the full data set, 
miRNA and DNA methylation levels jointly explained a 
significant proportion of total splicing variation in both 
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brain (adjusted R2 = 0.62, F(6,6) = 4.30, p < 0.05; Fig. 3c) and 
liver (adjusted R2 = 0.79, F(6,6) = 8.45, p < 0.001; Fig.  3d). 
miRNA and DNA methylation separately explained 
41.40% (adjusted R2 = 0. 41, F(3,9) = 3.83, p < 0.05) and 
33.43% (adjusted R2 = 0.33, F(3,9) = 3.01, p < 0.05) of vari-
ance in splicing in brain (Fig.  3c), and 55.62% (adjusted 
R2 = 0.56, F(3,9) = 6.01, p < 0.001) and 79.35% (adjusted 
R2 = 0.79, F(3,9) = 16.37, p < 0.001) of variance in splicing in 
liver (Fig. 3b). However, we only found DNA methylation 
explained a significant proportion of variance in splic-
ing when controlling for miRNA effect in liver (adjusted 
R2 = 0.23, F(3,6) = 4.29, p < 0.05).

Given the significant interplay between epigenomic 
and transcriptomic variation at the genome-wide level, 
we next tested for parallelism between the molecular 
mechanisms underlying ecotype divergence by assess-
ing the overlaps between DEGs, DSGs, target  genes of 
DEmiRs, and genes associated with DMCs. In contrast 
to the significant correlation between epigenomic varia-
tion and gene expression at whole genome scale, the set 
of genes that were differentially expressed and spliced 
were largely nonoverlapping with target genes of DEmiRs 
and DMC-associated genes (Fig.  3e, f ). Specifically, we 
found 20 DEGs regulated by 11 DEmiRs in brain, and 
28 DEGs regulated by 14 DEmiRs in liver, suggesting a 
small proportion (0.96–1.68%) of DEGs in each tissue 
were putatively regulated by a relatively large propor-
tion (37.84–61.11%) of DEmiRs. In addition, we found 
three DSGs to be the predicted targets of three DEmiRs 
in brain, and five DSGs to be the predicted targets of five 
DEmiRs in liver, suggesting a minor role of miRNAs in 
regulating differential splicing, although the expression 
levels of several key genes associated with ecotype diver-
gence [55] were negatively correlated with the expression 
levels of miRNAs. Finally, we annotated a large number 
of genes to DMCs in brain (n = 714) and liver (n = 815) 
tissues, but only a very small proportion (4.91–9.80%) of 
these genes overlapped with DEGs and DSGs in respec-
tive tissues. Thus, we found small overlaps among dif-
ferentially expressed, spliced, and methylated genes and 
target genes with DEmiRs between ecotypes, ranging 
from 17.37 to 56.60% in brain and 12.02 to 26.67% in 
liver.

The relative strength of divergence at different molecular 
levels
When estimating the extent of divergence on DEGs, 
DSGs, DEmiRs, and DMCs, we found the average effect 
size of ecotype ranging from 0.22 (DSGs) to 0.79 (DMCs) 
in brain (Fig. 4a), and from 0.20 (DSGs) to 0.79 (DMCs) 
in liver (Fig. 4b). A larger ecotype effect size supports a 
greater relative strength of divergence at the measured 
molecular level. When comparing across molecular 
levels, we found significant difference in the extent of 
divergence between DEGs, DSGs, DEmiRs, and DMCs. 
Specifically, we found that DMCs and DSGs showed 
the highest and lowest extent of divergence between 
ecotypes, respectively, with no significant difference 
between DEGs and DEmiRs in both tissues. When exam-
ining the overlap between loci implicated in ecotype 
divergence at different molecular levels and genomic loci 
of high differentiation between ecotypes, we found a sig-
nificant enrichment of selection signals for genes associ-
ated with DMCs in both brain and liver tissues (Fisher’s 
exact tests, p < 0.001) and for DEGs in brain (Fisher’s 
exact test, p = 0.01), with no enrichment for DSGs and 
target genes of DEmiRs in both tissues.

Discussion
Many species occupying diverse habitats evolve distinct 
locally adapted ecotypes. The role of variation at epi-
genomic and transcriptomic levels in regulating such 
adaptive divergence has been the subject of increas-
ing attention in recent years [55, 57–59]. Divergence 
in gene expression has been strongly implicated in the 
rapid evolution and development of adaptive and diver-
gent phenotypes, particularly as cis-regulatory muta-
tions are thought to exhibit fewer deleterious effects 
than protein-coding changes [11, 60–62]. The con-
tribution of alternative splicing to adaptation is less 
studied compared to the regulation of gene expression 
divergence, and the few studies to date have found con-
flicting results, with either contrasting or redundant 
roles between alternative splicing and gene expres-
sion in phenotypic evolution [33, 63–65]. In addition, 
the occurrence of phenotypic divergence despite low 
genetic differentiation suggests a potential role for 

(See figure on next page.)
Fig. 3  Interplay between epigenomic and transcriptomic variation. (a, b) Gene expression variation and (c, d) alternative splicing variation 
partitioning, showing the proportions of gene expression or splicing variation explained by CpG methylation and miRNA expression, based 
on the adjusted R2 of redundancy analyses (RDA) in (a, c) brain and (b, d) liver. Numbers outside the circles refer to total percentage of variation 
(adjusted R2) explained by both CpG methylation and miRNA expression (top, full model), or by only CpG methylation or miRNA expression 
(reduced models). Percentages inside circles indicate pure contributions to gene expression or splicing level resulting from partial RDAs that isolate 
the effect of one single explanatory variable. Percentages within intersections indicate shared contribution across two variables to gene expression 
or splicing variation. ANOVA-like permutation tests were calculated on total and pure contributions. NT, non-testable; NS, non-significant; ***, 
p < 0.001; **, p < 0.01; *, p < 0.05. (e, f) Venn diagrams of DEGs, DSGs, DEmiR target genes and DMC-associated genes in (e) brain and (f) liver
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Fig. 3  (See legend on previous page.)
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epigenetic mechanisms such as miRNAs and DNA 
methylation during adaptation. Noteworthy exam-
ples include differentially expressed miRNAs or dif-
ferentially methylated CpGs between three-spined 
stickleback ecotypes that contained single-nucleotide 
polymorphisms (SNPs) with shifted allele frequen-
cies [30, 66] or were associated with genes having 
potentially adaptive functions [14, 15, 67]. However, 
the interplay between these molecular levels in adap-
tive divergence has not been studied in any system and 
thus remains poorly understood. We quantified gene 
expression, alternative splicing, miRNA expression, 
and DNA methylation variation from brain and liver 
tissues of stickleback ecotypes originating from two 
contrasting habitat types. While only using female sam-
ples restricted our ability to detect sex-specific differ-
ence in ecotype divergence, and using limited number 
of populations along a relatively small environmental 
gradient hindered our capability to explore marine-
freshwater divergence, we found substantial changes 
at all molecular levels, consistent with previous stud-
ies analyzing divergence at a single molecular level. 
Although we detected a significant correlation between 
epigenomic variation and gene expression patterns at 
the genome-wide scale, genes that showed divergence 

between ecotypes at different molecular levels were 
largely nonoverlapping, suggesting non-parallel roles 
of gene expression, splicing, miRNAs, and DNA meth-
ylation in regulating adaptive divergence. Alterna-
tively, it is possible that the small overlap is due to the 
complex relationship between epigenomic variation 
and transcriptomic variation, such as involvement of 
enhancers [68, 69] or the spatiotemporal regulation of 
gene expression by the epigenome, making direct cor-
relations difficult to find. Pathway analyses such as the 
Weighted Gene Co-expression Network Analysis might 
be helpful in connecting epigenomic and transcrip-
tomic changes beyond gene level in future studies [70]. 
Finally, we found significant differences in the extent of 
divergence and enrichment of selection signals between 
these molecular levels, with methylation showing the 
highest degree of divergence and splicing showing the 
lowest degree of divergence between ecotypes, and 
methylation significantly overlapping with loci of high 
differentiation between ecotypes. Overall, our study 
provides the first integrated investigation of the diverse 
epigenomic and transcriptomic mechanisms underly-
ing ecotype divergence in any animal species, opening 
a window to understand how these different molecular 
mechanisms can interact and contribute to adaptation.

Fig. 4  The extent of divergence across different molecular levels. We examined the relative strength of ecotype divergence in gene expression, 
alternative splicing, miRNA expression, and DNA methylation in (a) brain and (b) liver, summarized by the effect size (partial eta, η2) of ecotype. 
Width indicates the pooled distribution density of the effect size of ecotype in a given molecular level. Embedded box plots summarize variation 
in the effect size of ecotype in a given molecular level. The line indicates the median, the box defines the interquartile range, and the whiskers 
represent the maximum and minimum values of the effect size of ecotype. Significance levels are estimated by the pairwise Wilcoxon rank sum 
tests with Benjamini–Hochberg correction: ****, p < 0.0001; NS, represents non-significance
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Genome‑wide versus localized interplay 
between molecular mechanisms
One of the aims of our study was to assess the inter-
play between epigenomic and transcriptomic variation 
in ecotype divergence. Consistent with previous studies 
of phenotypic divergence that showed a significant cor-
relation between DNA methylation, miRNA expres-
sion, and gene expression patterns at genome-wide scale 
[52, 71–74], we also found that epigenomic variation 
explained a significant proportion of overall gene expres-
sion variation. Although the mechanistic underpinnings 
of the interplay between epigenomic and splicing varia-
tion are not well understood in wild populations, there 
is evidence that epigenetic modifications can regulate 
genome-wide splicing patterns through the modulation 
of components in the spliceosome such as RNA splic-
ing factors [26, 75]. Some of the DMC-associated genes 
and target  genes of DEmiRs belong to the spliceosomal 
complex and splicing factors (e.g., celf3a, nova1), thus 
supporting our findings that a significant proportion of 
splicing variation was explained by epigenomic variation 
in both tissues. Interestingly, miRNA and DNA methyla-
tion together explained a significant proportion of gene 
expression and splicing variation in both brain and liver. 
However, when tested alone while controlling for the 
other epigenetic mechanism, both DNA methylation 
and miRNAs only explained significant variation of gene 
expression in liver, suggesting that epigenetic variation 
may contribute to ecotype divergence to different extents 
in the two tissues. This finding is consistent with recent 
studies that have also found that neural tissue responded 
less strongly to novel environments as compared to other 
tissues [76, 77]. Therefore, due to the tissue-specific dif-
ference in macroscopic traits and molecular variation in 
fish and other animals [69, 78–82], understanding the 
interplay between epigenomic and transcriptomic varia-
tion based on only one tissue can be challenging. Further 
studies comparing tissue-specific epigenetic responses 
within various environmental contexts will be helpful 
to advance a more comprehensive understanding of the 
interplay between epigenomic and transcriptomic varia-
tion in adaptation.

Due to the significant associations between different 
molecular levels at a genome-wide scale, we next ana-
lyzed whether this interplay between epigenomic and 
transcriptomic variation was present at the specific loci 
implicated in ecotype divergence. We found the repeat-
ability of gene usage was low despite high genome-wide 
correlation among molecular levels, suggesting largely 
non-parallel roles between epigenomic and transcrip-
tomic variation in ecotype divergence. The non-parallel-
ism between gene expression and alternative splicing in 
regulating ecotype divergence might be expected because 

in vertebrates, including fish, alternative splicing has 
been suggested to diverge faster than gene expression in 
intra-specific comparisons and in within-tissue analy-
sis [25, 28]. In addition, it has been suggested that splic-
ing might play a key role at early stages of divergence 
and ecological speciation by being more evolutionar-
ily flexible than gene expression and thus yielding rapid 
phenotypic changes [29, 83]. This is consistent with our 
finding that more genes were differentially spliced than 
differentially expressed. However, we found little over-
lap between genes associated with epigenomic variation 
(i.e., target  genes of DEmiRs and genes associated with 
DMCs) and transcriptomic variation (i.e., DEGs and 
DSGs). This could be viewed as unexpected given the 
well-documented role of miRNAs and DNA methylation 
in regulating gene expression and alternative splicing [26, 
27, 84, 85]. Indeed, many evolutionary transitions and 
key innovations are marked by methylation divergence 
during early stages of speciation and periods of miRNA 
gains and losses [58, 59, 86, 87]. Moreover, target genes 
of DEmiRs and DMCs included a number of genes rele-
vant to responses to environmental changes, for example, 
osmotic environments, parasite communities, and food 
composition [54], further suggesting the potential roles 
of epigenetic variation in ecotype divergence. However, 
recent studies investigating epigenetic variation in ani-
mals exposed to temperature, salinity, and developmental 
stress have also found a limited role for DNA methylation 
in differential gene expression [52, 88–90], suggesting 
that environmentally induced changes in epigenetic vari-
ation are not necessarily translated into changes in gene 
regulation.

Degree of divergence differs between molecular levels
Both theoretical and empirical studies have suggested 
that the degree of adaptive divergence between molecu-
lar levels depends on the extent to which variation at a 
given molecular level is connected to variation at other 
levels [91, 92], and thus, we do not necessarily expect to 
find the same extent of divergence across different molec-
ular levels. Consistent with this expectation, although 
there was evidence for ecotype divergence at all molecu-
lar levels, the degree of this divergence varied between 
epigenomic and transcriptomic levels, with splicing 
and DNA methylation showing the highest and lowest 
extent of divergence between ecotypes, respectively. The 
inconsistent degree of divergence across levels indicates 
that the epigenomic and transcriptomic basis of ecotype 
divergence are likely subject to redundancies, similar 
to the widespread observation of genetic architecture 
redundancy underlying repeated phenotypic divergence 
[93]. Alternatively, this could suggest that epigenomic 
and transcriptomic variation contribute in tandem to 
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adaptive divergence, similar to the partially autonomous 
of epigenetic variation from genetic variation found in 
populations adapting to heterogeneous environments 
[14, 19, 94, 95]. Our findings may also suggest that selec-
tive pressures may operate independently on variation 
at each of the molecular levels, which was supported 
by the differences in the enrichment of selection signals 
between different molecular levels. This result has also 
been shown in previous studies comparing the direction 
of plasticity evolution between gene expression and DNA 
methylation [51], and the degree of susceptibility to ero-
sion of genetic variation between gene expression and 
alternative splicing in plasticity [96]. Thus, understand-
ing the relative strength of ecotype divergence at multiple 
levels can shed light on the constraints on evolvability of 
each molecular mechanism during ecotype divergence.

Limitations
Finally, the present study has a number of potential cave-
ats that should be noted. First, the number of individuals 
and populations used in the study was limited. Previous 
studies have suggested adaptive phenotypic differentia-
tion between stickleback populations from the Baltic Sea 
due to an environmental gradient [97]. Thus, results from 
our study should be interpreted with caution because the 
populations used in our study might not be representa-
tive of most marine-freshwater differentiation. Including 
samples from additional populations along environmen-
tal gradients would provide information on inter-popula-
tion and inter-ecotype level variation, as well as the same 
loci present in more samples and associated with ecotype 
divergence likely increasing the power of the analy-
ses. Second, although individuals clustered primarily by 
ecotype at each molecular level, there were few excep-
tional individuals. Since individuals were derived from 
within-population crosses, it is unlikely these individuals 
were misclassified to a wrong ecotype. It is possible that 
these outlier individuals are instead due to heterogene-
ity in ecotype-specific expression and splicing patterns 
that is not captured by our analyses, or are caused by 
other molecular mechanisms not studied here. A wider 
investigation of genome-wide regulatory elements (e.g., 
Assay for Transposase Accessible Chromatin with high-
throughput sequencing (ATAC-seq)) [98] would provide 
a more comprehensive understanding of the molecular 
mechanisms underlying ecotype divergence.

Conclusions
In this study, we identified patterns of divergence 
between ecotypes at gene expression, alternative splic-
ing, miRNA expression, and DNA methylation levels. In 
addition, we provide the first insights into the interplay 
between epigenomic and transcriptomic variation in 

ecotype divergence, and demonstrate contrasting pat-
terns between genome-wide and genetic scales. Finally, 
we found significant difference in the relative strength 
of ecotype divergence across molecular levels, with the 
highest and lowest degree of divergence at DNA meth-
ylation and splicing levels, respectively, and a significant 
enrichment of selection signals in differential methyla-
tion. Our findings suggest that different biological levels 
may respond differently to the same selective pressures 
and provide distinct routes to adaptive divergence via 
either complementary or redundant mechanisms.

Methods
Sample collection
We collected adult nine-spined sticklebacks during the 
breeding season (June–July) of 2013 from four Fen-
noscandian sites, including two marine [Baltic Sea at 
Bölesviken in Sweden (SWE-BOL) and Baltic Sea at 
Helsinki in Finland (FIN-HEL)] and two freshwater 
populations [Abbortjärn pond in Sweden (SWE-ABB) 
and Bynästjärnen pond in Sweden (SWE-BYN)] (Addi-
tional file 1: Fig. S8). Detailed locality information and 
sampling methods can be found in Wang et  al. [55]. 
In using a set of populations in which ecotype diver-
gence has been established in previous studies [55, 99, 
100], our results build on prior work by explicitly test-
ing the relative roles of multiple underlying molecular 
mechanisms in a common garden experiment. A ran-
domly selected female and male from each population 
were artificially crossed and the F1 offspring from each 
cross were raised in 5-L tanks in zebrafish rack sys-
tems (Aquaneering Inc., San Diego, USA) at 17°C for 
180 days after hatching. While we reared marine fish in 
a freshwater environment, previous studies have found 
that wild marine nine-spined stickleback populations 
tend to spawn in or near freshwater habitats [101], and 
thus our rearing conditions were not expected to sig-
nificantly bias the epigenomic and transcriptomic pat-
terns of marine fish. Only females identified with the 
aid of a sex-linked microsatellite marker were selected 
to avoid sex-specific effects on the transcriptome and 
epigenome [102]. Fish from the same population were 
sampled from at least two families. Whole brain and 
liver from a total of 13 fish (six marine fish, SWE-BOL: 
n = 3, FIN-HEL: n = 3; seven freshwater fish, SWE-ABB: 
n = 3, SWE-ABB: n = 4) were dissected and immediately 
frozen in liquid nitrogen and were then transferred 
to − 80°C until DNA and RNA extraction (Additional 
file  3: Table  S2). We selected brain and liver tissues 
because previous studies have found tissue-specific 
transcriptomic-wide associations with adaptation to 
divergent marine and freshwater environments in these 
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tissues [54, 55]. Therefore, using both brain and liver 
tissues provided an opportunity to comprehensively 
analyze the molecular mechanisms underlying ecotype 
divergence.

RNA and DNA extraction and sequencing
To understand the interplay between diverse molecu-
lar mechanisms underlying ecotype divergence, we 
performed RNA sequencing (RNA-seq), small RNA 
sequencing (sRNA-seq), and whole genome bisulfite 
sequencing (WGBS) on each of the 13 fish. Total RNA 
was extracted using TRIzol reagent (Invitrogen, Cals-
bad, CA, USA). RNA quality was assessed using Agilent 
2100 bioanalyzer (Agilent Technologies). Strand-specific 
mRNA libraries were constructed and sequenced on an 
MGISEQ-2000 platform using 150 bp paired-end reads. 
Each RNA-seq library was sequenced to a mean amount 
of 23,649,365 ± 1,239,0167 (± SD) reads (Additional file 3: 
Table  S3). sRNA-seq libraries were prepared using BGI 
UMI small RNA library protocol and sequenced on a 
BGISEQ-500 platform using 50 bp single-end reads. Each 
sRNA-seq library was sequenced to a mean amount of 
41,415,505 ± 3,409,559 (± SD) reads (Additional file  3: 
Table S4).

Whole genomic DNA was extracted using the EZ DNA 
Methylation-Gold Kit (Zymo Research, Irvine, California, 
USA) following the manufacturer’s protocol. DNA quality 
was assessed using NanoDrop 2000c (Thermo Scientific). 
WGBS libraries were sequenced on an MGISEQ-2000 
platform using 100 bp paired-end reads. Each WGBS 
library targeted a genome coverage of 15 × and was 
sequenced to a mean amount of 41,428,416 ± 1,822,025 
(± SD) reads (Additional file 3: Table S5). The quality con-
trol for total DNA and RNA samples, library construc-
tion, and sequencing were performed by BGI (Wuhan, 
China).

Reference genome preparation
We used the chromosome-level nine-spined stickleback 
reference genome [ENA accession GCA_902500615.3; 
[103] as the reference in all downstream analyses. 
Because the chromosome-level nine-spined stickle-
back reference genome is not annotated, we used Liftoff 
v1.6.2 [104] with default parameters to lift over genomic 
features of the scaffold-level nine-spined stickleback 
reference genome (NCBI accession GCA_902500615.3 
NSP_V7) to the chromosome-level genome, followed by 
phasing the genome using genome-tools v1.6.1 (https://​
github.​com/​genom​etools/​genom​etools). In total, all but 
seven protein-coding genes were lifted over from the 

scaffold-level reference genome to the chromosome-level 
reference genome.

Gene expression analysis
To explore gene expression differences between marine and 
freshwater ecotypes, we first trimmed raw RNA-seq reads 
using Trim Galore! v0.6.7 (https://​github.​com/​Felix​Krueg​
er/​TrimG​alore) with default settings after quality checks 
using FastQC v0.11.5 (https://​www.​bioin​forma​tics.​babra​
ham.​ac.​uk/​proje​cts/​fastqc/). Trimmed reads were then 
aligned to the nine-spined stickleback reference genome 
using a two-pass mapping approach implemented in STAR 
v2.7.10a [105], with only uniquely mapped reads retained 
for downstream analyses. On average, 95.22% ± 1.01% 
(± SD) RNA-seq reads across all libraries were uniquely 
mapped to the reference genome. Retained reads were 
quantified at gene level using HTseq v0.11.3 [106]. We 
first filtered genes with no expression across all brain and 
liver samples and performed principal component analy-
sis (PCA) based on rlog-transformed read counts. Based 
on PCA, we analyzed gene expression difference between 
ecotypes separately for brain and liver samples (Fig. 1a). In 
addition to PCAs, we conducted a supervised quadratic 
discriminant analysis (QDA) on the PCs to classify indi-
viduals either as marine or freshwater ecotype, using the 
R package MASS v7.3–58.2 [107]. Following Coll-Costa 
et al. [108], we built four models using the training dataset 
(i.e., randomly selected 80% of samples across tissues), each 
adding one more principal component (PC): in the first 
model, we tested the PC1; in the second model, we tested 
PC1 + PC2; in the third model, we tested PC1 + PC2 + PC3; 
and in the fourth model, we tested all four PCs. We then 
predicted ecotypes for individuals in the test dataset (i.e., 
the remaining 20% of samples). We determined the accu-
racy of each of the models using leave-one-out cross-vali-
dation on the training dataset and retained the models with 
an accuracy > 0.75. We assigned each individual from the 
test dataset a score ranging from 0 (marine ecotype) to 1 
(freshwater ecotype), which we refer as the probability of 
being identified as a freshwater ecotype (PFE). Finally, we 
identified differentially expressed genes using the R pack-
age DESeq2 v1.32.0 [109]. We considered genes to be dif-
ferentially expressed (DEGs) with Benjamini–Hochberg 
corrected p-values below 0.05. To investigate the influence 
of false negatives (type 2 errors) on our criteria for calling 
DEGs, we performed a power analysis following Ching 
et al. [110].

Alternative splicing analysis
To characterize splicing divergence between marine and 
freshwater ecotypes, we first used the event-based tools 

https://github.com/genometools/genometools
https://github.com/genometools/genometools
https://github.com/FelixKrueger/TrimGalore
https://github.com/FelixKrueger/TrimGalore
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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rMATS v4.1.0 [56] to quantify both annotated and novel 
splicing junctions across all tissues to characterize gen-
eral splicing patterns, using the same aligned reads from 
STAR as described above. We then performed differential 
splicing analysis separately for brain and liver samples. 
The rMATS programs identified five types of alternative 
splicing events, including alternative 5’ splice site (A5SS), 
alternative 3’ splice site (A3SS), mutually exclusive exon 
(MXE), intron retention (RI), and skipped exon (SE). 
Following Tian and Monteiro [111], a sum of 20 counts 
were required for both inclusion or skipping junctions 
to support a splice site. We then used rMATS to assess 
differential splicing patterns between marine and fresh-
water ecotypes in each tissue. The inclusion level differ-
ence (ΔPSI) for each splicing site between ecotypes was 
reported by rMATS. A spliced site was considered to 
be differentially spliced (DS) with false discovery rate 
(FDR) below 0.05. We considered a gene to be differen-
tially spliced (DSG) when it contained at least one DS site 
between ecotypes. We also conducted a QDA on the PCs 
of splicing events to classify individuals as either marine 
or freshwater ecotype.

To further validate splicing patterns revealed by 
rMATS, we also analyzed alternative splicing patterns 
between ecotypes using exon- and intron-based methods. 
To analyze differentially spliced exons between ecotypes, 
we used the HTSEQ-COUNT script implemented in 
the R package DEXSEQ v1.38.0 [112] to quantify exon-
specific read counts for each sample. We filtered exons 
with no expression across all brain and liver samples, 
and estimated differential exon usage separately for brain 
and liver tissues using the default model structure imple-
mented in DEXSEQ: ~ sample + exon + ecotype:exon, 
based on normalized exon expression counts. We con-
sidered exons to be differentially spliced with Benjamini–
Hochberg corrected p-values below 0.05. To analyze 
differentially spliced introns between ecotypes, we used 
LeafCutter v0.2.9 [113] to perform intron clustering and 
differential splicing analyses based on differential intron 
excision ratios (DIE) for each tissue separately (minimum 
coverage of 10 reads, minimum of six samples supporting 
an intron, minimum of three samples per ecotype sup-
porting an intron). The difference in usage proportion of 
intron clusters was measured as the “change of percent 
spliced in” and intron clusters with Benjamini–Hochberg 
corrected p-values below 0.05 were considered differen-
tially spliced.

Annotation, differential expression and target prediction 
of miRNAs
To elucidate the miRNA expression patterns between 
ecotypes, we trimmed raw miRNA reads using Trim 
Galore! to remove adapters and low-quality reads, and 

retained reads with length between 18 and 25 nt. To 
improve the quality of miRNAs, we removed rRNAs by 
aligning trimmed reads against database implemented 
in SortMeRNA v2.1b [114]. We further removed tRNAs, 
snRNAs, and snoRNAs by aligning reads against Rfam 
database using Bowtie v1.2 [115] (options: –best –strata). 
The unaligned reads were considered to be clean miR-
NAs to be used for downstream analyses.

We used Mirdeep2 v0.1.3 [116] to quantify and anno-
tate clean miRNAs. We first mapped clean miRNA reads 
to the nine-spined stickleback genome using the mapper.
pl module. An average of 86.45% ± 1.78% (± SD) clean 
miRNA reads across all libraries were mapped to the 
reference genome. Since miRNA had not yet been anno-
tated in the nine-spined stickleback, we annotated the 
first set of miRNAs for this species, and then determined 
how the composition of miRNAs varied across tissues 
and ecotypes. The hairpin-like miRNA precursors were 
predicted by the miRDeep2.pl module using all brain 
and liver samples with default settings. Following Kelley 
et al. [27], we used all miRNA sequences from chordates 
in miRBase 22.1 [117], as well as miRNA annotations 
of the three-spined stickleback [118], the gar [119], the 
blackfin icefish [120], and the zebrafish [121] as closely 
related species to guide the annotation. We considered 
predicted miRNAs to be true positives with miRDeep2 
score above 10 and significant randfold p-value [122]. To 
identify conserved and novel miRNAs, the true positive 
miRNAs were blasted against chordate miRNA annota-
tions from miRBase and the four closely related species, 
and those with a hit were considered as conserved miR-
NAs whereas those with no hit were considered novel 
miRNAs. All conserved miRNAs were named under 
the miRNA nomenclature guidelines [123], and a prefix 
“novel” was used for novel miRNAs. The complete anno-
tation of miRNAs in P. pungitius is summarized in Addi-
tional file 2: Table S1.

We used the quantifier.pl module implemented in miR-
Deep2 to quantify the expression of all conserved and 
novel miRNAs. We also conducted a QDA on the PCs of 
miRNA patterns to classify individuals as either marine 
or freshwater ecotype. Differential expression analysis 
of miRNAs was performed separately for each tissue, 
using the R package DESeq2 with the same approach as 
described above for identifying DEG between ecotypes. 
We considered miRNAs to be differentially expressed 
(DEmiRs) with Benjamini–Hochberg corrected p-values 
below 0.05. To predict the putative targets of DEmiRs, 
we used miRanda v3.3a [124] to select high-confidence 
miRNA-gene targeting pairs in each tissue. We extracted 
3’UTR of all genes from the nine-spined reference 
genome, and searched for targeting sites of DEmiRs. The 
resulting miRNA-gene targeting pairs were filtered for an 
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inverse relationship between expression levels of paired 
genes and miRNAs in brain or liver tissue. Similar to gene 
expression analysis, we also performed a power analysis 
for our miRNA expression analysis following Ching et al. 
[110].

DNA methylation analysis
To remove adapter contamination and low-quality 
reads, we performed read quality checks using FastQC, 
and trimmed low-quality and adapter-contaminated 
sequences using Trim Galore! with default parameters. 
We then ran Bismark v0.21.0 [125] with the Bowtie2 
v2.3.0 aligner [126] against the nine-spined reference 
genome with default settings, except for tolerating one 
non-bisulfite mismatch per read. Duplicated alignments 
mapping to the same position in the genome were dis-
carded before extracting methylation information. Only 
CpG context cytosine methylation was analyzed because 
CpG methylation is the most common functional meth-
ylation in vertebrates [127]. We only included reads that 
mapped uniquely to the reference genome, and cytosines 
that were covered by at least five reads across all brain 
and liver samples in downstream analyses. After adapter 
and quality trimming, an average of 70.25% ± 3.34% 
(± SD) WGBS reads across all libraries were uniquely 
mapped to the reference genome, resulting in an aver-
age sequencing depth of 13 × per sample, which is com-
parable to the recommended sequencing depth (5–15 ×) 
for providing sufficient statistical power to identify true 
positives [84]. To improve methylation estimates, we cor-
rected for SNPs, which could have resulted in an incor-
rect methylation call if C-to-T and G-to-A SNPs were 
falsely interpreted as unmethylated cytosines [128]. We 
identified SNPs using the merged BAM format mapping 
results from the same individual for input to Bis-SNP 
v0.82.2 [129] with the default parameters. We retained 
biallelic SNPs with a minor allele frequency above 0.05, a 
minimum read depth of 5, a maximum read depth of 100, 
and mapping quality above 20, following steps in Dahms 
et al. [130]. We produced a list of positions (C-to-T and 
G-to-A SNPs) for correcting methylation estimates, using 
custom written Perl scripts from Heckwolf et al. [19]. In 
total, 1,566,573 CpGs were retained after filtering. We 
also conducted a QDA on the PCs of methylation levels 
to classify individuals either as the marine or freshwater 
ecotype. We identified individual differentially methyl-
ated cytosines (DMCs) using the R package methylKit 
v1.4.1 [131] using CpG sites that passed the filtering step 
above. We analyzed DMCs separately for brain and liver 
tissues and considered CpGs to be DMCs with a correc-
tion for overdispersion and false discovery rate correction 
Q-value less than 0.05. We conducted our analyses using 
CpG sites over regions because the causal relationship 

between methylation variation in single CpG sites and 
expression change of genes has been demonstrated in 
recent empirical studies [68, 132], and defining methyla-
tion regions can be challenging due to the uneven distri-
bution of DNA methylation in vertebrate genomes [84]. 
To investigate impact of false negatives on our results, 
we performed a power analysis using a simulated data set 
in methylKit, following steps in Hu et  al. [14]. We con-
ducted simulations of differential methylation for 1% of 
1,566,573 filtered CpG sites, with effect sizes of 0, 5, 10, 
and 15% of differential methylation, respectively. Using 
the same criteria as for calling DMCs described above, 
we calculated the proportion of CpG sites falsely identi-
fied as non-DMCs (false negatives) across all analyzed 
sites under each effect size.

To analyze the possible functions of DMCs between 
ecotypes identified in brains and livers, we first identi-
fied the proximity of DMCs to CpG islands (CpGi), which 
are CpG‐rich regions that are usually unmethylated and 
serve as sites for transcription initiation [133]. We used 
python scripts (https://​github.​com/​lucas​nell/​TaJoC​GI) 
that apply the methods described in Takai and Jones 
[134]. DMCs were considered part of “shores” if they 
were less than 2 kb away from an island, and part of CpG 
“shelves” if they were between 2 and 4 kb away from an 
island. DMCs were considered as “open sea” if they were 
outside the 4-kb window [135]. We gave the precedence 
to CpGi > CpGi shores > CpGi shelves > open sea. To ana-
lyze the genomic features (promoters/exons/introns/
intergenic regions) of DMCs, we compared the distribu-
tion of genomic features built on DMCs in brain and liver 
tissues to the null distribution of genomic features built 
on all filtered CpG sites. We gave precedence to promot-
ers > exons > introns > intergenic regions when features 
overlapped, and defined promoter regions as upstream 
1 kb and downstream 1 kb from the transcription start-
ing sites [136]. We then identified the positions of DMCs 
within genomic features and compared the distributions 
of DMCs to null distributions using G-tests.

Interplay between epigenomic and transcriptomic 
variation at a genome‑wide scale
In addition to the detection of differential gene expres-
sion, splicing, miRNA expression, and DNA methyla-
tion separately, we also assessed the interplay between 
epigenomic and transcriptomic variation at the whole 
genome level. We performed a global redundancy anal-
ysis (RDA) separately for brain and liver samples, using 
the rlog-transformed gene expression count table or the 
PSI of all splicing events as the response variable, and the 
normalized methylation levels of filtered CpG sites and 
the rlog-transformed miRNA expression count table as 
explanatory variables. Prior to RDA, we performed PCA 

https://github.com/lucasnell/TaJoCGI
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on (1) gene expression levels, (2) PSI of all splicing events, 
(3) DNA methylation levels, and (4) miRNA expression 
levels, and used the first three PC factors of each of the 
molecular levels as multivariate summaries. We also per-
formed a partial RDA for the effect of DNA methylation 
on gene expression or splicing while controlling for the 
effect of miRNA on gene expression, and a partial RDA 
for the effect of miRNA on gene expression or splicing 
while controlling for the effect of DNA methylation on 
gene expression. We quantified the contributions to the 
total gene expression variation using the adjusted R2, and 
tested the significance of each R2 by performing an analy-
sis of variance (ANOVA) with 999 permutations [137].

Comparing the extent of parallelism and divergence 
at different molecular levels
To test for parallelism between the molecular mecha-
nisms underlying ecotype divergence, we analyzed the 
overlaps between DEGs, DSGs, target genes of DEmiRs, 
and genes associated with DMCs separately for brain 
and liver samples. To compare the degree of divergence 
across molecular levels, we first partitioned the variance 
of expression levels for DEGs, DSGs, DEmiRs, and meth-
ylation levels for DMCs in each tissue identified above, 
following Winchell et  al. [3]. We used the eta_squared 
function implemented in the R package rstatix v0.7.2 
(https://​rpkgs.​datan​ovia.​com/​rstat​ix/) to estimate the 
effect size (partial eta, η2) of ecotype effect (i.e., marine 
and freshwater) and used this to evaluate the relative 
strength of ecotype divergence across molecular levels, 
where a stronger effect size of ecotype effect suggests a 
greater relative strength of divergence at the molecular 
level. Finally, to investigate the enrichment of selection 
signals at different molecular levels, we compared DEGs, 
DSGs, target genes of DEmiRs, and genes associated with 
DMCs to candidate loci that are associated with diver-
gence between marine and freshwater sticklebacks [55]. 
We built null distributions using genes that passed the fil-
tering step (for DEGs), genes that contained at least one 
confident splicing site between ecotypes (for DSGs), tar-
gets of miRNAs that passed the filtering step (for targets 
of DEmiRs), and genes associated with CpGs that passed 
the filtering step (for genes associated with DMCs).
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