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ABSTRACT

DNA methylation has fundamental implications for vertebrate genome evolution by influencing the mutational landscape, par-

ticularly at CpG dinucleotides. Methylation-induced mutations drive a genome-wide depletion of CpG sites, creating a dinu-

cleotide composition bias across the genome. Examination of the standard genetic code reveals CpG to be the only facultative

dinucleotide; it is however unclear what specific implications CpG bias has on protein coding DNA. Here, we use theoretical

considerations of the genetic code combined with empirical genome-wide analyses in six vertebrate species—human, mouse,

chicken, great tit, frog, and stickleback—to investigate how CpG content is shaped and maintained in protein-coding genes. We

show that protein-coding sequences consistently exhibit significantly higher CpG content than noncoding regions and demon-

strate that CpG sites are enriched in genes involved in regulatory functions and stress responses, suggesting selective mainte-

nance of CpG content in specific loci. These findings have important implications for evolutionary applications in both natural

and managed populations: CpG content could serve as a genetic marker for assessing adaptive potential, while the identification

of CpG-free codons provides a framework for genome optimization in breeding and synthetic biology. Our results underscore

the intricate interplay between mutational biases, selection, and epigenetic regulation, offering new insights into how vertebrate

genomes evolve under varying ecological and selective pressures.

1 | Introduction

Mutation rates can vary across vertebrate genomes due to the
impacts of epigenetic modifications, their effects on DNA re-
pair mechanisms, and the accessibility of the DNA to muta-
gens (Cooper and Krawczak 1989; Holliday and Grigg 1993;
Bestor 2000; Jjingo et al. 2012). Methylation of cytosine to
form 5-methyl-cytosine (5mC) represents one of the most
common forms of epigenetic modification. This type of modi-
fication, however, may lead to spontaneous deamination of cy-
tosine to thymine, resulting in higher mutation rates (Yi 2007;

Schiibeler 2015). Also, other types of mutational biases with
CpG methylation have been reported (Tomkova and Schuster-
Bockler 2018) such as cytosine to guanine mutations in certain
types of cancers (Tomkova et al. 2016). The effect of CpG depen-
dent mutations is highly context-dependent as methylation of
cytosine occurs primarily in particular base motifs and genomic
regions, and is also likely variable based on other impacts of ge-
nomic architecture (Xia et al. 2012; Zhou et al. 2020). As such,
the persistence of such methylation targets in the context of high
mutation rates may provide insights into the fitness benefits of
epigenetically variable sites and associated base motifs.
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In vertebrate genomes, DNA methylation primarily occurs on
cytosine bases in CpG dinucleotides (a cytosine followed by a
guanine in the 5'-3’ direction) and is of significant importance
for genome stability (Chen et al. 1998). However, not all CpG
dinucleotides in vertebrate genomes are methylated. Instead,
DNA methylation is highly context-dependent, and its dis-
tribution can vary across different genomic regions and cell
types. The distribution of CpG sites is expected to vary across
most genomes (Box 1) based on observations of heterogeneity
in base composition (Bernardi et al. 1988; Nabholz et al. 2011)
as well as strand biases on the particular complement of the
DNA helix observed (CG vs. GC), both of which are well docu-
mented in mammals and birds (Evans 2008). In general, CpG
dinucleotides within gene promoters, enhancers, and other
regulatory elements tend to be infrequently methylated or
completely unmethylated, whereas CpG dinucleotides within
gene bodies, repetitive elements, and intergenic regions can be
more heavily methylated (Laine et al. 2016; Derks et al. 2016).
Comparing different vertebrate species while focusing on
specific organs highlighted a strong connection between
DNA methylation and tissue types (Klughammer et al. 2023).
Additionally, analyzing the DNA methylation patterns at gene
promoters across species revealed evolutionary differences
in methylation patterns for orthologous genes (Klughammer
et al. 2023). Together, these findings highlight the importance

of CpG sites in regulating epigenetic differences within organ-
isms and across species.

DNA methylation within gene bodies is ubiquitous across
vertebrate species, including mammals, birds, reptiles, am-
phibians, and fishes, although the extent and patterns of this
phenomenon may vary across taxa (Zemach et al. 2010; Long
et al. 2013). In contrast to the extensively studied promoter
methylation, the role of gene body methylation remains poorly
understood, partly due to inconsistencies in its patterns across
different species. Certain aspects of gene body methylation,
such as its association with gene expression and alternative
splicing, are also evolutionarily conserved across vertebrates
(Anastasiadi et al. 2018). In human cells, gene body methyla-
tion levels are often positively correlated with gene expression
(Lister et al. 2009; Moore et al. 2012). However, the impacts
of gene body methylation on expression are less consistent:
methylation is negatively correlated with gene expression lev-
els in avian (Laine et al. 2016; Boman et al. 2024) and murine
(Guo et al. 2014) tissues, but positively correlated in human
neuron tissue (Lister et al. 2009). These mixed patterns of cor-
relation suggest that gene body methylation may play a role in
promoting or suppressing transcription and thereby regulat-
ing gene expression levels (Maunakea et al. 2010; Jones 2012).
Together these findings highlight the functional significance

BOX1 | Expected CpG frequency.

If there is no context effect, the expected frequency of CpG dinucleotides is dependent on the base composition of DNA (i.e., here
denoted as G + C frequency) and the strand bias of C and G nucleotides (Karlin and Mrazek 1997) (Here denoted as G/(G + C),
which represents the proportion of G nucleotides out of G + C nucleotides on a single strand). High GC DNA regions often vary in
their CpG content based on C and G strand bias. As proteins are encoded on one strand, such bias plays a particularly important
role in protein coding DNA.

Expected CpG frequency
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and potential differential selective pressures acting to main-
tain gene body methylation.

Gene bodies are of course heterogeneous and (usually) consist
of coding and noncoding components. Just as the distribution
of CpGs across the genome is nonrandom, the nucleotide com-
position of coding DNA is nonrandom because of the coding
information preserved and because of preferences for certain co-
dons (Fedorov et al. 2002). In yeasts, adjacent codons may have
an influence on translation efficiency, suggesting that specific
combinations of neighboring codons play a significant role in
modulating translation rates, thereby affecting protein expres-
sion levels (Gamble et al. 2016). There are biases in codon pair
preferences and avoidance across bacteria, archaea, and other
eukaryotes (Tats et al. 2008), including CpG-containing dicodons
that are underpresented (hnCGCn and UUCGnn).

The effect of selection on mutations in protein coding DNA is a
common measure used to infer the rate of molecular evolution
in protein coding genes and the rate of adaptation (Gossmann
et al. 2012), for example in birds (Laine et al. 2016; Gossmann
et al. 2014). This is because within the genetic code, there are
two major types of point mutations, synonymous mutations
that do not change the coding amino acid and nonsynonymous
mutations which do change the coding amino acid. The ratio
of the fixation rate of these two mutation types (dN/dS) holds
information on the long-term selective pressures acting at the
amino acid level (Jeffares et al. 2014). However, attempts to infer
the rate of molecular evolution and the strength of selection
are usually hampered by the action of biased gene conversion
(Gossmann et al. 2018; Bolvar et al. 2019). Biased gene conver-
sion is effective at heterozygous sites that contain G/C and A/T,
that is, G/A, G/T, C/A, C/T as they tend to be repaired in favor
of the G/C base (Duret and Galtier 2009; Kostka et al. 2012).
Furthermore, biased gene conversion interacts with features of
genomic base composition and mutation rate bias (Subramanian
and Kumar 2003). Although a few studies do explore connec-
tions between DNA methylation and base composition (for in-
stance, Danchin et al. (Danchin et al. 2011) or the recent finding
by Marshall et al. (Marshall et al. 2023) linking codon degen-
eracy and methylation in bumblebees), comprehensive research
focusing on coding regions remains limited. Much of the exist-
ing work relies on whole-genome approaches without specifi-
cally dissecting how methylation might shape codon usage or
nucleotide composition in protein-coding sequences.

There are a number of consequences of DNA methylation on
the DNA base composition of vertebrate genomes (Holliday
and Pugh 1975; Riggs 1975; Pelizzola and Ecker 2011). One of
the most severe consequences is a genomic bias in dinucleotide
composition that is largely driven by deamination of cytosines
in CpG sites. This effect is pronounced in vertebrate genomes,
which are deficient in CpG sites compared to the dinucleotide
frequency expected from single nucleotide base abundance
(Lander et al. 2001). Implications of DNA methylation on genes
are usually considered in light of gene expression, and focus on
DNA methylation of transcription start sites and gene bodies
(Laine et al. 2016; Boman et al. 2024). Insights into CpG dynam-
ics may inform critical evolutionary applications, for example
to improve the management of wild populations and enhance
breeding programs for food production (Rey et al. 2019; Powell

et al. 2023). For instance, in conservation genomics, CpG-rich
regulatory genes may serve as markers for adaptive potential,
aiding in the development of strategies to protect species facing
environmental pressures. Similarly, in artificial selection, un-
derstanding CpG content can help refine genome editing and
breeding approaches by optimizing genetic stability and stress
response traits. However, the evolutionary implications of DNA
methylation on base composition in coding DNA are much less
understood.

To address this important knowledge gap, here, we combine
the implications of DNA methylation on DNA base composi-
tion and its consequences on the rate of molecular evolution
of protein coding DNA. For this, we dissect the relationship
of the genetic code and CpG methylation and conduct em-
pirical genomic analyses. We examine the necessity and ca-
pacity for avoidance of CpG in the standard genetic code.
Furthermore, we investigate the occurrence of CpG within
protein coding DNA by analysing six vertebrate genomic data-
sets. Specifically, we addressed the following questions by em-
pirical analyses:

1. Is the CpG content different in coding relative to noncod-
ing genomic regions?

2. Is there variation in CpG content within protein coding
DNA of single genes?

3. Are CpG containing dicodons over- or underrepresented
in protein coding DNA?

4. Is there a functional enrichment of genes with high/low
CpG content in their coding DNA?

2 Theoretical Motivation

2.1 | The Genetic Code and CpG Dinucleotides

The evolutionary forces acting on protein coding DNA are more
complex than on noncoding genomic DNA (Figure 1). CpG di-
nucleotides may occur in protein coding DNA, either within a
single codon (Figure 2) or across codons (Figure 3), that is, at
adjacent codons. They may also occur at exon-intron boundar-
ies, though this scenario is not discussed here.

2.1.1 | CpG Dinucleotides Within Codons

For the standard genetic code, CpG dinucleotides occur-
ing at the first and second codon position (i.e., CpGpN,
Figure 1B) are always coding for the amino acid arginine (R).
DNA methylation driven mutations at first codon positions
(CpG - TpG) in R encoding codons would lead to a change of
the encoded amino acid (either to a C or W) or a stop codon.
DNA methylation driven mutations at the second codon posi-
tion (CpG — CpA) would also lead to changes in the encoded
amino acids (H and Q changes). As these mutations result in
nonsynonymous amino acid changes, there would be selection
against DNA methylation driven mutations of CpG dinucleo-
tides at codon position one and two. However, GC-biased gene
conversion would favor C or G containing variants, which
would restore coding for arginine.

30f 16

85U8017 SUOWIWIOD dA1E81D 3ot dde au Aq peusenob afe sajoie YO ‘9SO Sa|nJ 0} Aiq1T8UlUO A8]IA UO (SUO T PUOO-PUR-SLUIB)/LIY A8 | 1M Afe.d]1jBu JUO//:SdNY) SUOTPUOD pue SWie | 8y} 89S *[6202/TT/EZ] Uo ARIq18uliuo A8]IM PunwLog 1Be1SeAIUN 8YSIUYDe | Aq TOTOLeAS/TTTT OT/I0p/AL0o" A3 1M Atelq Ul juO//SANY WOy pepeoiumod ‘S ‘520z ‘TLSv2SLT



Mutation

(A) Genomic ggr:o)'-Mu(t‘ation
laset
DNA gene conversion
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—
(C) Coding DNA:
NpCpG

(B) Coding DNA:
CpGpN

it
-9

(D) Coding DNA:
NpNpC GpNpN

FIGURE1 | Evolutionary forces acting on CpG dinucleotides. (A) CpG sites in a genomic context (B-D) CpG sites in coding DNA context. C(m)-
Mutation denote a methylation dependent mutation rate. Dashed arrows denote context dependent selection (see Table 2).

FFLLSSSSYY**CC*WLLLLPPPPHHQQRRRRIIIMTTTTNNKKSSRRVVVVAAAADDEEGGGG

Example : 5’- ATG CGG ATC - 3’

Example : 5’- ATG TCG ATC - 3’
AAs =

Starts = Hok——xk

M.
M

Basel = TTTTTTTTTTTTTTTTCCCCCCCCCCCCCCCCAAAAAAAAAAAAAAAAGGGGGGGGGGGGGGGG

Base?2
Base3

TTTTCCCCAAAAGGGGTTTTCCCCAAAAGGGGTTTTCCCCAAAAGGGGTTTTCCCCAAAAGGGG
TCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAG

A synonymous change
C/G nucleotide in CpG context

FIGURE2 | CpG sites within codons. Occurrences of CpG dinucleotides within codons of the standard genetic code. All 64 codons are shown (to
be read from top, Basel, to bottom, Base3). CpG sites in codons at the first or second codon position are labeled in red. CpG dinucleotides, when meth-
ylated, can be subject to spontaneous deamination, resulting in a higher mutation rate in methylated CpG sites from CpG to TpG/CpA. 3rd codon

positions of alternative synonymous codons potentially subject to spontaneous deamination are colored in blue. Stop (as asterisk) and Start codons

(as M) are indicated in the row “Starts”. AAs, amino acids.

There are four amino acids that can be encoded by CpG dinucle-
otide containing codons at positions two and three: S, P, T and
A (Figures 1C and 2). DNA methylation driven mutation at the
third codon position (CpG — CpA) mutations would be affecting
4-fold degenerate sites in all four cases, for example, these mu-
tations would not involve a change of the encoded amino acid.
GC-biased gene conversion may nonetheless favor CpG sites
over CpA sites (Table 1). On the other hand are (CpG — TpG)
mutations at the second codon position would lead to a change
in the amino acid, and may be removed by purfiying selection.

2.1.2 | CpG Dinucleotides Across Codons

15 different amino acids have codons ending on a C base and
could therefore potentially form CpG sites when following codons

starting with a G. In all cases a CpG — TpG mutation would en-
code for the same amino acid, causing synonymous mutations
and providing non-CpG alternative codons for these dipeptides
(Figures 1D and 3). There are also six amino acids that start with
G codon, that could form the second site of the CpG dinucleotide.
In all cases a methylation driven CpG to CpA mutation would
lead to a change in the respective encoded amino acid, causing
nonsynonymous mutations that may be exposed to purifying
selection.

2.2 | Any CpG Dinucleotide Can Be Replaced in
the Standard Genetic Code

In summary, there are eight DNA codons that contain a
within codon CpG site, and they encode for five amino acids
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TABLE1 | Possible CpG SNP polymorphisms in protein coding DNA.

Synonymous Synonymous
GC gene conversion high mutation context at 3rd context at

Mutation Polymorphism acting rate position 1st position
CpG

1 < GpG No No Possible Never

2 < ApG Yes No Possible Possible

3 « TpG Yes Yes Always Never

4 < CpA Yes Yes Always Never

5 < CpT Yes No Always Never

6 « CpC No No Always Never

Note: Gene conversion tends to favor G and C nucleotides over T and A nucleotides at heterozygous sites, and this is therefore referred to as GC-biased gene conversion
(Gossmann et al. 2018; Bolvar et al. 2019). SNPs that may result from methylation-driven mutations are indicated in bold.

Example 5’- ATG GCC GTA - 3’

AAs = FFLLSSSSYY**CCxWLLLLPPPPHHQQRRRRIIIMTTTTNNKKSSRRVVVVAAAADDEEGGGG

Starts = ---- ok ==k

M
M

Basel = TTTTTTTTTTTTTTTTCCCCCCCCCCCCCCCCAAAAAAAAAAAAAAAAGGGGGGGGGGGGGGGG
Base2 = TTTTCCCCAAAAGGGGTTTTCCCCAAAAGGGGTTTTCCCCAAAAGGGGTTTTCCCCAAAAGGGG
Base3 = TCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAGTCAG

T synonymous change
C/G nucleotide in CpG context

FIGURE3 | CpGsitesacross codons. All 64 codons are displayed, with Basel at the top and Base3 at the bottom. CpG dinucleotides can form across

codons when a codon ends with a C and the next codon starts with a G. Codon positions that may contribute to CpG sites at the first or third positions
are marked in red. Methylated CpG dinucleotides are prone to spontaneous deamination, leading to an increased mutation rate (CpG — TpG/CpA).
The third codon positions of synonymous codons, where such deamination may occur without altering the encoded amino acid, are highlighted in
blue. Stop codons (indicated by an asterisk) and Start codons (indicated by M) are shown in the row labeled “Starts.” AAs, amino acids.

TABLE 2 | Non-CpG alternative encoding in the standard genetic code.

GC neutral
CpG site Amino acid(s) Alternative codon(s) Single synonymous change alternative
CGN R AGA, AGG partial no
NCG S,P, T, A NCH always yes
NNC GNN F,S,Y,C,L,P,H,R,I,T,N, NNT GNN always partially
V,A,D,GxV,A,D,E, G
None M,Q, W n.a. n.a. n.a.

Note: Codon compositions that would include a CpG dinucleotide (in bold), as well as alternative codons encoding the same amino acid/dipeptide. Three amino acids
never occur within a CpG context. For DNA, N represents any of the four possible nucleotide bases adenine (A), thymine (T), cytosine (C), guanine (G). H stands for
adenine (A), thymine (T), cytosine (C) consistent with the TUPAC nomenclature for DNA (Johnson 2010). GC neutral alternative indicates whether alternative codons

would have the same number of G+ C.

(Figure 2). As noted above, four of these eight codons encode
for arginine, which can, however, be encoded by two addi-
tional non-CpG codons (AGG and AGA, Table 2). The other
four amino acids that are encoded by a codon that contains
CpG (Table 2) have at least three other non-CpG containing
codons. Even when forming dicodons, CpGs can always be
avoided using a CpG free dicodon encoding for the same di-
peptide (Figure 3). As a consequence, the standard genetic
code allows in principle for any protein to be encoded without
the use of CpG sites, although other restrictions on tRNA or

base composition may still constrain this. For example, selec-
tion for high GC base composition may require codons to be
composed of Gs and Cs only, which would require arginine
codons to use CpG dinucleotides.

2.2.1 | ACpG Free Genetic Code

Under the assumption that there are 61 codons that code for an
amino acid, one would need to exclude 8 codons that contain CpG
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TABLE 3 | Summary of the genome assemblies used for this analysis.

Species Common/lay name Assembly

Homo sapiens Human GCF_000001405.39_GRCh38.p13

Mus musculus Mouse GCF_000001635.27_GRCm39

Parus major Great tit GCF_001522545.3_Parus_majorl.1

Gallus gallus Chicken GCF_016699485.2_bGalGall.mat.broiler. GRCg7b
Gasterosteus aculeatus Stickleback GCF_016920845.1_GAculeatus_UGA_version5
Xenopus laevis Frog GCF_017654675.1_Xenopus_laevis_v10.1

Note: Genome and cds sequence files were obtained from NCBI refseq.

sites (CpGpN and NpCpG) as well as 15 codons that potentially
could form a CpG site with an adjacent codon (e.g., either GpNpN
or NpNpC), this results in 38 available codons that can be used
to form CpG free polypeptide chains. This leads to a substantial
reduction of possible multi-codons. For example, there are 3721
possible dipeptides (61 x 61) in the standard genetic code. When
only the 38 CpG-free codons are used only 1444 dicodons remain
(a reduction of more than 60%).

2.2.2 | High CpG Content Polypeptide Chains

A polypeptide chain that contains a high amount of CpG sites,
could be formed by poly-R, poly-S, poly-T, poly-P, and poly-A
chains. Methylation driven changes could replace CpG content
with synonymous changes from all of these except the poly-R.
In contrast, particularly high levels of CpG could be formed
with CpG sites that occur across a pair of dicodons, in particular
[RxA], ([CGCGCG],) and [AxN], ([GCGCGC]).

2.3 | CpG Features of Particular Amino Acids

There are only three amino acids that never occur within a CpG
context, these are M and Q and W. All other amino acids may
occur within a CpG context (Table 2). As noted previously, there is
no single amino acid or dicodon that requires a CpG site. In most
cases a single point mutation (Table 1) can lead to a synonymous
change of a CpG codon to non-CpG codon. At the third codon
position a CpG — TpG/CpA is always synonymous. In contrast R
is the only amino acid that may require 2 synonymous mutations
to remove CpG sites: (CGT and CGC). There are, however, still
two Arginine codons that can become CpG-free with a single syn-
onymous mutation-(CGA and CGG) and (CpG — ApG)-although
neither of these are of types that would be driven by methylation
(CpG - TpG/CpA). Hence R encoding codons should be particu-
larly unlikely to be replaced by CpG-free alternatives.

3 | Material and Methods
3.1 | Data Download
Protein coding DNA sequences were downloaded in fasta for-

mat from NCBI refseq (https://ftp.ncbi.nlm.nih.gov/genom
es/refseq/) for one ray-finned fish, Gasterosteus aculeatus, the

threespine stickleback (Jones et al. 2012), one frog, Xenopus trop-
icalis (Hellsten et al. 2010) as well as two birds (Parus major, great
tit (Laine et al. 2016) and Gallus gallus, chicken (International
Chicken Genome Sequencing Consortium 2004)) and two
mammalian species, Homo sapiens, human (Lander et al. 2001)
and Mus musculus, mouse (Mouse Genome Sequencing
Consortium 2002) (Table 3). We did not opt for more fish genomes
because the frequency of CpG dinucleotides is seemingly higher
in fish than in other vertebrates (Jabbari and Bernardi 2004). To
reduce the number of splicing variants, only genes with assigned
gene symbols were considered for the analysis. The genomic data
was downloaded from NCBI refseq genomes.

3.2 | CpG Content

As CpG content may vary depending on base composition and
strand bias (Box 1) these factors need to be taken into account
when measuring CpG content. For example for CpG islands, re-
gions in the genome with an excess of CpG sites, are defined as
regions with an observed/expected ratio of CpG to GpC larger
than 0.6 (Gardiner-Garden and Frommer 1987). However, the
CpG/GpC ratio may become very skewed if the stretch of DNA
under consideration is small. Therefore, we slightly adopt this
measure and quantify CpG content as the proportion of CpG
sites of palindromic C/G containing dinucleotides in a stretch of
DNA (for genomic fragments of 5kb size, or smaller if a scaffold
was smaller than 5kb):

#CpG
CpG content = ———— €))
#CpG + #GpC

hence

0 <CpGcontent <1 @)

3.3 | Protein Coding DNA and Genomic DNA

We only considered genes with assigned gene symbols or gene
names for the analysis (McCarthy et al. 2023; Seal et al. 2022)
(e.g., excluded genes with species-specific genomic location
index) to avoid including partial genes and pseudogenes in the
analysis. This also reduced the number of splicing variants in-
cluded and controlled for potential annotation quality differ-
ences between the different genomes (Yusuf et al. 2020). For
technical reasons, we also excluded genes or gene fragments
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that lacked both CpG and GpC dinucleotides, as this would re-
sult in a zero denominator. For the gene fragment analysis, we
also excluded genes that were shorter than 200 nucleotides to
ensure that the start and end of the coding sequences were dis-
tinct. Because the genome assemblies for each species were of
varying quality, with some species having fragmented chromo-
some assemblies, we calculated CpG content for genomic frag-
ments of 5kb size (or smaller if a scaffold was smaller than 5kb)
for each species. Statistics were then obtained on a gene-by-gene
or fragment-by-fragment basis.

3.4 | Statistical Analysis

Statistical analyses were performed with the SciPy (Virtanen
et al. 2020) and NumPy (Harris et al. 2020) packages in Python
or using the statistical tests implemented in Webgestalt (Liao
et al. 2019). Statistics were retrieved for each gene for coding
DNA and each 5kb fragment for genomic DNA. To compare
statistical significance we applied a Mann-Whitney-U test
(Figure 4), a linear regression and Kendall 7 (Figure 5) and a
Wilcoxon paired rank test (Figure 6). Statistical annotations of
Figures 4 and 6 were conducted with the package statannota-
tions (Charlier et al. 2022) using the default legend for p values.

3.5 | Data Visualization

All data were analyzed with Python 3.8 with respective NumPy,
Scipy, matplotlib packages. Data visualization was done with
matplotlib and seaborn (unless otherwise stated) and respective
packages. The only exception to this are the upset plots, which
were made in R 4.3.3 using the ggVennDiagram package and
the permutation tests, which were conducted in R with the
package “BiocManager”.

3.6 | Gene Ontology Analysis

We used the 2019 version of WebGestalt (https://2019.webge
stalt.org/) (Liao et al. 2019) to perform an Over-Representation
Analysis (ORA) with the functional database set to “geneontol-
ogy” and the “biological process non-redundant data,” based
on Homo sapiens annotation. For this analysis, we combined
the top 100 CpG poorest and richest genes across six vertebrate
species. The gene ID type was specified as “gene symbol,” and
the human genome (“genome”) served as the reference gene list.
The results were qualitatively similar whether we analyzed sin-
gle species or used species-specific gene lists as references (see
Figure S1 for coding DNA with high CpG content). We submit-
ted our jobs with the following advanced parameter settings: the
minimum number of genes required for a category was set to 10,
and the significance level was defined using a false discovery
rate (FDR) of 0.05. All other parameters remained unchanged
(maximum number of genes 2000; “BH” for multiple test adjust-
ment; expected number of categories from set cover set to 10;
number of categories visualized set to 40; and continuous color
used in the DAG). Additionally, we conducted a pathway-level
analysis (KEGG) using the same parameters.

3.7 | Chromatin State Analysis

For the chromatin state analysis we downloaded data from the
ENCODE Project Portal website. ENCODE provides chromatin
state segmentations for various human cell types, and we filtered
datasets available in GRCh38 for “ChromHMM?”. Specifically,
we focused on data entry ENCFF343KUN. To obtain the ge-
nomic locations of the 100 human CpG poorest and CpG richest
genes, we uploaded the respective gene lists into the UCSC Table
Browser (https://genome.ucsc.edu/cgi-bin/hgTables) and set the
assembly to hg38 (GRCh38). We then selected the gene track
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FIGURE4 | CpG content in different vertebrate species summed across the genome. CpG content is measured as the fraction of CpG sites in GpC

and CpG dinucleotides. Shown are protein coding DNA (Coding DNA, blue) and the entire genomes (Genomic DNA, orange). Statistical differences

were assessed with a Mann-Whitney-U test, ****p <1074,
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FIGURES5 | Correlation of CpG content with GC content in protein-coding genes for six species (A-F). For all cases there is a positive correlation
between CpG content and GC content. Note that genes smaller than 150 nucleotides and larger 2000 nucleotides were excluded from the analysis.
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(i.e., Gencode V47) and applied filters to include our gene list.
Finally, we used a customized R script to load two BED files (i.e.,
gene coordinates and chromatin states), find their overlapping
regions, and perform a permutation-based significance test using
the regioneR package to assess whether the observed overlap is
greater than expected by chance.

4 | Results

The complex interplay between the genetic code, methylation-
driven mutation, and GC-biased gene conversion raises questions
as to the abundance of CpG sites in coding sequences. Due to
their regulatory potential and hypermutability, CpG sites may be
either deprived or enriched in coding domain sequences. For this
reason, we tested features of CpG abundance in protein-coding
DNA in six vertebrate species, including a fish, a frog, two bird
species, and two mammalian species (Table 3). We explicitly eval-
uate CpG content in coding domain sequences using genome-
wide patterns of CpG abundance as a control. We chose at least
one representative genome of the three classes Mammalia, Aves,
and Reptilia, as well as one ray-finned fish genome.

4.1 | CpG Content in Protein Coding DNA is
Higher Than the Overall Genome

4.1.1 | CpG Content Heterogeneity Across Protein
Coding DNA

As CpG frequency in a given genomic region may depend on the
GC content (Box 1) which varies across the genome, as well as
the length of the region, we used a normalized measure of CpG
content that adjusts for these potential sources of bias: the ratio

of CpG to GpC dinucleotides (see Equation (1) in ‘Materials and
Methods’). The frequency of CpG dinucleotides varies between
protein coding genes and the overall genome for vertebrates
(Figure 4). For all six species, it is lower in overall genomic DNA
relative to protein coding DNA (this was highly significant for
all six pairwise comparisons, p <10~4, MWU-test). The magni-
tude of this difference is heavily influenced by species: for the
mammalian and avian species, the difference is around twice as
much, while for frog and stickleback the difference between pro-
tein coding DNA and genomic DNA is more modest.

4.1.2 | CpG Content and Base Composition

CpG content may be driven by overall GC content (Box 1). To
understand whether the CpG composition is correlated with
base composition we obtained CpG content and GC content
(excluding CpG and GpC sites) of protein coding sequences and
found a positive correlation in all species, albeit with variable
slopes (Figure 5, Kendall's T between 0.09 for stickleback and
0.37 for great tit). We also note that genes with very high CpG
content in coding domains tend to occur in regions with inter-
mediate GC content, which would suggest that these are not
necessarily a by-product of high GC nucleotide composition.

4.2 | CpG Content in Protein Coding DNA is
Higher Near TSS

4.2.1 | CpG Content Heterogeneity Within Genes

The frequency of CpG dinucleotides varies between coding

domains but there might also be variation within these. To
test this we obtained the CpG content at the first 99 sites at
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TABLE 4 | Top 3 under- and overrepresented dicodons in 6 vertebrate species in protein coding DNA.

Species Enrichment Dicodon AAl AA2 Enrichment Dicodon AA1l AA2
Human 0.110 GTCGAA \'% E 6.146 GCGGCG A A
Human 0.113 CTCGAA L E 5.909 CCGCCG P P
Human 0.141 GGCGAA G E 3.415 TGCTGC C C
Frog 0.106 CGCGAA R E 4.453 GCGGCG A A
Frog 0.115 CTCGAA L E 2.761 ATGGCG M A
Frog 0.143 GTCGAA \Y E 2.723 AGCAGC S S
Mouse 0.109 GTCGAA \'% E 6.591 GCGGCG A A
Mouse 0.110 CTCGAA L E 5.410 CCGCCG P P
Mouse 0.148 GTCGAG \% E 3.568 TGCTGC C C
Great tit 0.059 CGCGAA R E 8.959 GCGGCG A A
Great tit 0.094 CTCGAA L E 6.445 CCGCCG P P
Great tit 0.102 GTCGAA \'% E 3.683 CCGGCG P A
Chicken 0.103 CGCGAA R E 7.396 GCGGCG A A
Chicken 0.106 GTCGAA v E 5.876 CCGCCG P P
Chicken 0.127 TTCGCA F A 3.712 CGGCGG R R
Stickleback 0.089 GCTAGG A R 3.950 CCTCCT p P
Stickleback 0.095 CCTAGG P R 3.594 CCTCCA P P
Stickleback 0.101 CCTAGC P S 3.393 GCGGCG A A

Note: CpG sites are highlighted in bold. Many of the dicodons contain CpG sites. AA1 and AA2—first and second amino acids, respectively, of the dipeptide that

results from the translation of the dicodon.

the start (5’ end, N-terminal) and 99 sites at the end (3’ end, C-
terminal) of protein coding sequences within genes (Figure 6).
Indeed, for all six species there is a significant difference be-
tween CpG content at the start and the end of coding DNA
(highly significant for all six pairwise comparisons, p <1074,
Wilcoxon paired rank test). CpG content is higher at the start
relative to the end, and this pattern is strongest in the mam-
malian and avian species.

4.3 | Most Frequent and Most Rare Dicodons
Contain CpG Sites

4.3.1 | CpG Sites in Dicodons

As shown above, in the standard genetic code any CpG con-
taining dicodon may be avoided when coding for any polypep-
tide chain. We therefore examined whether particular dicodons
would occur less frequently than expected based on their
codon abundances. As a safeguard we also look at all overrep-
resented dicodons, as we might expect enrichment in TpG sites
as a consequence of the methylation-driven mutations. With
the exception of the stickleback, the three least abundant di-
codons are those containing across codon CpG sites (Table 4).
Interestingly, the most abundant dicodons also contain many
CpG sites—often at the second and third position, and encode
for di-alanin and di-prolin in particular.

4.4 | Functional Implications of CpG Sites in
Protein Coding DNA

To obtain potential insights into the functional implications of
CpG dinucleotide abundance in protein coding genes, we con-
ducted functional enrichment analysis using Gene Ontology
(GO) terms. For this, we identified the top 100 genes with the
highest and lowest CpG to GpC ratio and combined them across
all six vertebrate species. This yielded 473 genes for CpG rich
genes and 568 genes for CpG poor genes. We then conducted
a functional overrepresentation analysis using the human ge-
nome as a reference set, although species-specific analyses with
species-specific reference sets gave similar results (Figure S1),
GO enrichment for the functional categories genetic imprinting
and response to temperature stimuli were pan-species. It is also
noteworthy that most of the identified genes with high/low CpG
composition were species specific (Figure 7A,C).

4.4.1 | Functional Chromatin Associations of CpG Rich
and CpG Poor Genes in Humans

We investigated the overlap of genes (i.e., gene bodies) and ge-
nomic regions with a functional chromatin annotation in hu-
mans. Specifically, we harvested data from the ENCODE project
on kidney epithelial cells, although other tissue types showed
a similar pattern. While CpG rich genes were significantly
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FDR values <0.05 for the low CpG rich genes visualised through the WebGestalt server.

enriched in regions of functional chromatin states (p <0.001,
Figure 8A), there was no such overlap observed for the CpG
poorest genes (p=0.39, Figure 8B).

4.4.2 | Functional Association of Most CpG Rich Genes
and CpG Poor Genes

We found nineteen gene categories that are overrepresented in
our dataset of CpG rich genes at FDR <0.05. Most of these cat-
egories can be related to gene regulation, including epigenetic
processes such as genetic imprinting, response to temperature
stimuli (Table 5) and regulation of RNA/mRNA (Figure 7B).
The gene categories for genetic imprinting and RNA capping,
which include several RNA polymerase II subunits, exhibit
an enrichment of more than 8-fold. On the pathway level,
“Spliceosome” (hsa03040) and Huntington disease (hsa05016)
had an FDR <0.01 for the CpG richest genes.

We identified five categories for CpG-poor genes that are en-
riched in our dataset. Processes related to skin and epider-
mis development (GO:0043588 and GO:0008544) were highly
enriched, suggesting a role in epithelial differentiation. Also
immune-related functions—such as natural killer cell activa-
tion (GO:0030101) and the response to double-stranded RNA
(G0O:0043331)—were significantly enriched. Additionally, en-
richment for peptide cross-linking (GO:0018149) points toward
alterations in protein interaction dynamics. Sixteen KEGG
pathways were significantly enriched in the dataset, with a

clear emphasis on immune and antiviral responses. Pathways
include autoimmune thyroid disease, cytosolic DNA-sensing,
RIG-I-like receptor signaling, as well as several viral infection
pathways (e.g., Hepatitis C, Influenza A, HIV-1), underscoring
an involvement of innate immune processes (Figure 7D).

5 | Discussion

Here we have shown that CpG motifs potentially play a special
role in protein coding DNA. Generally speaking, high muta-
tion rates at methylated CpG sites may lead to loss of these
sites in genomic, including protein coding, DNA (Figure 1).
Conversely, GC-biased gene conversion could maintain these
sites and allow them to be favored over (A/T)pG or Cp(A/T)
sites, if it allows for reversal of a non-synonymous amino
acid change in the context of purifying selection. However,
the interplay of epigenetics, mutation, biased conversion, and
selection is highly context dependent in protein coding DNA
(Figure 1B-D). In our theoretical analyses, we show that the
standard genetic code is composed in such a way that any
protein chain could be encoded without the use of CpG sites.
Indeed, CpG dinucleotides are the only facultative dinucleo-
tides in the eukaryotic genetic code, making them uniquely
capable of avoiding the evolutionary constraints typically
imposed on coding DNA. However, limitations on codon
availability and base composition may still expose these dinu-
cleotides to selection, as non-CpG free exchange is not always
base neutral. Importantly, it has also been observed that the
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TABLE 5 | Listof genes for two enriched GO terms among CpG rich genes.

Gene symbol Gene name Entrez gene Functional category
DPPA3 developmental pluripotency associated 3 359,787 Genetic imprinting

GNAS GNAS complex locus 2778 Genetic imprinting

KCNQ1 potassium voltage-gated channel subfamily Q member 1 3784 Genetic imprinting

MECP2 methyl-CpG binding protein 2 4204 Genetic imprinting

PCGF6 polycomb group ring finger 6 84,108 Genetic imprinting

ADM adrenomedullin 133 Temperature stimulus
CASQ1 calsequestrin 1 844 Temperature stimulus
CETN1 centrin 1 1068 Temperature stimulus
CIRBP cold inducible RNA binding protein 1153 Temperature stimulus
COxX2 cytochrome c oxidase subunit IT 4513 Temperature stimulus
CRYAB crystallin alpha B 1410 Temperature stimulus
DNAJB1 Dnal heat shock protein family (Hsp40) member Bl 3337 Temperature stimulus
EIF2B1 eukaryotic translation initiation factor 2B subunit alpha 1967 Temperature stimulus
HSBP1L1 heat shock factor binding protein 1 like 1 440,498 Temperature stimulus
HSPB8 heat shock protein family B (small) member 8 26,353 Temperature stimulus
HTR1B 5-hydroxytryptamine receptor 1B 3351 Temperature stimulus
PDCD6 programmed cell death 6 10,016 Temperature stimulus
RPA3 replication protein A3 6119 Temperature stimulus
SUMO1 small ubiquitin-like modifier 1 7341 Temperature stimulus
TCIM transcriptional and immune response regulator 56,892 Temperature stimulus

Note: Five genes from the genetic imprinting category (GO:0071514; total size =27, overlap =5, expect =0.58, enrichmentRatio=8.65, p-value =2.387e—4,
FDR=1.193e-2) and 15 genes from the response to temperature stimulus category (GO:0009266; size =201, overlap =15, expect=4.30, enrichmentRatio = 3.49,

pValue=2.862e—5, FDR=2.027e-3).
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codon composition in vertebrates is realized in such a way that
nonsense mutations tend to be avoided (Kanaya et al. 2001;
Schmid and Flegel 2011), and other code-based constraints
may still apply.

To understand the consequences of the complex interplay
of nucleotide composition and evolutionary forces acting on
protein coding DNA, we investigated the genomes of six ver-
tebrate species. We first asked whether CpG sites are more
common in protein coding DNA compared to the rest of the
genome and whether there is heterogeneity in CpG content
within genes. Indeed, we find that CpG sites in protein coding
DNA are enriched and more common than expected relative
to the genome at large, and we also confirm substantial varia-
tion in CpG dinucleotide abundance across and within genes
(Bricout et al. 2023). In particular, the 5-prime end of coding
domain sequences is enriched in CpG sites, potentially due to
low methylation near transcription start sites or because exon
1 methylation often has strong effects on transcriptional con-
trol (Derks et al. 2016; Hodgkinson and Eyre-Walker 2011;
Fang et al. 2023).

We then examined what the over- and underrepresented di-
codons in protein coding DNA are and whether they contain
CpG dinucleotides. We show that CpG sites tend to be en-
riched in certain proteins. Dicodons encoding for di-proline
and di-alanine are particularly enriched, which is likely due
to the fact that they are part of special amino acid repeats
(Barik 2017) that use simple codon repeats and avoid the for-
mation of certain RNA secondary structures. Gene body meth-
ylation is generally high in vertebrates (Derks et al. 2016),
except for 5-prime regions. For avian neuronal tissue, highly
expressed genes tend to show lower levels of methylation, as
do CpG islands (Laine et al. 2016). All these could be contrib-
uting factors as to why some proteins show an enrichment
in CpG sites: Lower methylation levels would result in lower
rates of mutation while purifying selection and optimization
for optimal codons (Hershberg and Petrov 2009) maintain
high CpG abundance (Figure 1). Enrichment of CpG content
may also favor open chromatin and transcription (Angeloni
and Bogdanovic 2021) and help to avoid adenine-rich alter-
native codons, which may compromise translation (Ruggiero
and Boissinot 2020; Perepelitsa-Belancio and Deininger 2003).
Interestingly, coding genes with high levels of CpG sites tend
to show modest levels of GC content, which supports these no-
tions. Exploration of methylation patterns in germline tissues
will likely be important for disentangling the relative roles of
methylation-driven mutations, base composition, and chro-
matin state (Figure 8) on the evolution of CpG content in cod-
ing regions (Messerschmidt et al. 2014).

Finally, we asked whether there is any functional enrichment
of genes that show extreme CpG content in their protein cod-
ing DNA. We find strong functional enrichment for CpG-rich
genes related to gene expression and regulation. This is in line
with previous evidence that in species with highly methyl-
ated genomes, strong pro-epigenetic selection (i.e., selection
favoring the capacity to be methylated) acts on some CpG-
containing genes, particularly DNA-binding transcription
factors involved in developmental regulation (Branciamore
et al. 2010). If, indeed, higher CpG content of protein coding

DNA is maintained by pro-epigenetic selection, this could
provide clues as to the hitherto elusive functions of gene body
methylation. However, in our setup, it is difficult to tease apart
selection on CpG sites from other potential sources, such as
selection on protein-changing substitutions, selection on opti-
mal codon usage, avoidance of deleterious changes to RNA 3D
structure, or other intertwined functional implications (Hu
et al. 2023; Ord et al. 2023). Taking into account the action
of selection (Figure 1), it is perhaps not surprising that CpG
frequency is higher in protein coding DNA compared to the
rest of the nuclear genome. Due to the features of the genetic
code, there is a complex interplay of mutation bias, selection
pressure, codon optimization, and functional constraints in
maintaining CpG-rich regions within protein coding genes.
Notably, genes exhibiting high CpG content are functionally
linked to regulation, RNA expression, and potential epigene-
tic regulation across vertebrate species, underlining the intri-
cate relationship between natural selection, mutational bias,
and epigenetics in shaping gene properties.

Our findings have evolutionary applications in conserva-
tion, breeding, and genome engineering. The enrichment
of CpG sites in genes involved in gene regulation and stress
responses suggests that CpG content could be a valuable
marker for assessing adaptive potential in natural popula-
tions. Conservation programs might be able to leverage this
information to prioritize populations with higher evolution-
ary resilience. Additionally, CpG content dynamics can guide
breeding strategies by identifying genes linked to traits such
as stress tolerance and growth optimization. The identifica-
tion of CpG-free codons and CpG-rich loci provides practical
insights for synthetic biology and genome engineering, such as
when targeting specific genes with CpG clusters by program-
mable DNA binding proteins (Clark et al. 2016; Buchmuller
et al. 2021; Jung et al. 2023). These findings highlight the
complex interplay of epigenetic regulation, mutation bias,
and selection in shaping the evolution of vertebrate genomes.
Future research on CpG methylation patterns in germline and
somatic tissues, across a broader range of species, and within
specific contexts such as gene expression and phenotypic
plasticity, will be crucial for deepening our understanding
of how these mechanisms shape genome evolution and drive
adaptation across diverse ecological and selective landscapes.
Expanding on this, the potential for more detailed analyses
across species and even populations offers exciting opportu-
nities to explore adaptive plasticity and to investigate whether
gene body methylation plays a role in its evolution, further en-
riching our understanding of these complex processes.
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