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Abstract

RNA methylation, notably m8A modification, is a predominant epitranscriptomic alteration in mRNA, yet its evolutionary properties and the
selective constraints acting on it across mammals remain poorly understood. Here, we generated a single-base-resolution m®A modification
atlas in liver, kidney, and brain tissues across 21 non-model mammals using Nanopore direct RNA sequencing. We found that 25.54-35.70% of
orthologous transcripts across examined species harbor m®A modifications, with m8 A-modified sites exhibiting significantly greater conservation
than nearby unmodified regions, probably under purifying selection. While m8A sites were preferentially enriched in RNA loops rather than stems,
an inverse correlation between overall m®A levels and RNA splicing complexity was observed, a pattern which is compatible with a model
in which exon junction complex (EJC)-associated, splice-junction-proximal mechanisms contribute to suppression of nearby m®A deposition.
Further analyses of m®A-modified genes and life history traits uncovered that genes with higher m8A modification ratios in long-lived mammals
were mainly characterized by relaxed selection. This study explores the evolutionary landscape of m®A modifications in non-model organisms,
underscoring their diverse regulatory roles and evolutionary significance across mammalian lineages.
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Introduction

RNA methylation modifications, a novel avenue of epitran-
scriptomic regulation, have garnered extensive research at-
tention. Currently, ~180 distinct chemical modifications have
been identified within RNA nucleotide residues [1, 2], span-
ning all types of RNA molecules, including tRNA, rRNA,
mRNA, as well as various short and long non-coding RNAs
(IncRNAs) [3-8]. Although the presence and abundance of
m'A [9] and ac*C [10] on mRNA remain under investiga-
tion, a variety of chemical modifications have been reported
on mRNA (m°A, m’G, m’C,hm°C, W, etc.), among which N°-
methyladenosine (m°®A) stands out as the most prevalent and
abundant chemical modification in eukaryotic mRNA. The
m®A modification process is orchestrated by crucial proteins
commonly referred to as “writers”, “readers”, and “erasers”,
which respectively add, recognize, and remove the m®A chem-
ical modification from RNA bases [11-14]. The significance of
m® A modification extends beyond its prevalence, as it has been
implicated in various diseases such as obesity, infertility, can-
cer, heart failure, autoimmune disorders, and neuromuscular
defects [15-19]. Additionally, it is intricately involved in a di-
verse array of biological processes, including viral infections,
stress responses, heat shock, and DNA damage, and also gov-
erns crucial molecular functions, such as RNA-protein inter-
actions, RNA structure, stability, dynamics, alternative splic-
ing, polyadenylation, transport, localization, and translation
efficiency [12, 20-28]. This wealth of evidence emphasizes the
multifaceted impact of m® A modification on RNA biology, en-
couraging further exploration and understanding of its intri-
cate regulatory mechanisms and potential therapeutic impli-
cations.

Although m®A modifications across different tissues
within the same species have been extensively studied [29],
cross-species comparisons have predominantly focused on
model organisms such as mice, rats, and humans [30-32].
Consequently, the exploration of m®A modifications in
non-model organisms remains significantly underdeveloped.
Third-generation sequencing technologies, such as Oxford
Nanopore Technologies’ direct RNA sequencing (ONT-DRS)
and PacBio sequencing, have broadened the field of epi-
transcriptomics, by eliminating amplification biases, offering
single-molecule sensitivity, and enabling quantitative assess-
ment of modification levels [33-35]. Furthermore, these meth-
ods allow for cross-species and cross-tissue sample compar-
isons, facilitating absolute transcript quantification and accu-
rate structural identification. Here, we generated and analyzed
the m®A modification atlas across 21 mammalian species us-
ing Nanopore DRS combined with a benchmarked mé6Anet
detection framework (Fig. 1A). Our findings demonstrate that
mC®A modification exhibits a moderate level of conservation
across species, underscoring its evolutionary significance. Fur-
thermore, our results indicate that RNA m°®A methylation
may influence the splicing process and reveal a significant cor-
relation between splice complexity and methylation patterns.
These insights advance our understanding of RNA modifica-
tions and offer new perspectives on the role of epitranscrip-
tomics in species evolution and biodiversity.

Materials and methods

Animal samples

All animal care and experimental protocols of this study
were approved by the Institute of Zoology, Chinese Academy
of Sciences (no. IOZ-TACUC-2022-216) and were in accor-

dance with institutional animal welfare guidelines. To eluci-
date the intricate landscape of m®A modifications in mam-
malian species, we conducted a comprehensive analysis in-
volving 142 tissue samples from liver, kidney, and brain. These
samples represented 21 mammalian species across 11 orders
(Supplementary Tables S1 and S2), with intra-lineage evolu-
tionary distances ranging from 11 to 62 million years and
inter-lineage distances extending from 74 to 160 million years.
Our selection aimed to represent a broad spectrum of orders
across major taxonomic levels. We included a diverse array
of economically significant and domesticated species, along-
side several understudied and phenotypically distinct mam-
mals such as bats, tree shrews, sugar gliders, and four-toed
hedgehogs. The selection criteria for both species and tissues
were healthy, adult to middle-aged male individuals, and each
tissue comprising 1-3 biological replicates.

Sample collection and RNA preparation

Species were categorized based on their longevity, while col-
lecting relevant information such as body weight and basal
metabolic rate. To account for variations in tissue structure
and cellular composition across different species, we con-
ducted organ homogenization on the major portions of the
organs in advance. Approximately 100 mg of homogenized
tissue was then extracted for subsequent RNA isolation. In
the case of brain tissue, a distinctive methodology was im-
plemented. Specifically, samples were collected from the fore-
brain, ensuring a specific focus on this particular region. For
species with limited brain sizes, brain regions other than the
olfactory bulb and cerebellum were targeted to ensure com-
prehensive coverage. Immediately after collection, the samples
were immersed in RNA-later preservation solution and left to
penetrate fully at 4°C overnight before being transferred to a
—80°C freezer for long-term storage. To ensure comparability
of samples from homologous organs across species, all sam-
ples underwent grinding in liquid nitrogen within the research
laboratory for RNA extraction.

Total RNA of each sample was extracted in accordance
with the standard protocol of the Total RNA Kit I (R6834 To-
tal RNA Kit I). Each sample contained 20 pg of total RNA for
DRS. RNA was cleaned and concentrated by the NEBNext®
Poly (A) mRNA Magnetic Isolation Module (E7490S) accord-
ing to the manufacturer’s instructions. From each sample, 1 pug
of total RNA was prepared for the RNA integrity and concen-
tration measurement using NanoDrop (Thermo Fisher Scien-

tific).

Construction of the Nanopore sequencing library
and sequencing

The prepared RNA of each sample was utilized for prepara-
tion of a DRS library using the Oxford Nanopore DRS pro-
tocol (SQK-RNA002, Oxford Nanopore Technologies). For
reversed connector connection, 9 ul of prepared RNA, 3 ul
of NEBNext® Quick Ligation Reaction Buffer (NEB), 1 ul of
RT Adapter (RTA) (SQK-RNA002), and 2 pul of T4 DNA lig-
ase (NEB) were mixed together and incubated under 25°C for
10 min. Afterwards, 8 ul of 5x first-strand buffer (NEB), 2
ul of 10 mM dNTPs (NEB), 9 ul of nuclease-free water, 4
ul of 0.1 M dithiothreitol (DTT; Thermo Fisher), and 2 ul of
SuperScript™ III Reverse Transcriptase (Thermo Fisher Scien-
tific, Catalog number: 18 080 044) were added into the above
15 ul reaction system and incubated under 50°C for 50 min
then 70°C for 10 min. Reverse-transcribed mRNA was puri-
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Figure 1. Comparative profiles and evolutionary characters of m®A RNA modifications across 21 mammals. (A) Overview of sampling, RNA sequencing,
and data analysis conducted on brain, kidney, and liver tissues of 21 mammalian species. RNA sequencing utilized the Oxford Nanopore Prometh|ON
platform and was corrected with next-generation sequencing data. Key analyses included m®A methylation patterns, transcript expression, alternative
splicing, evolutionary conservation of m®A sites, and correlations with life history traits. (B) Mammalian phylogeny, with violin plots depicting méA
modification levels across tissues, and box plots illustrating Mgene distribution. (a) Each violin plot encompasses the m®A modification levels of all genes
within a tissue. The boxplot represents the distribution of Mgene Values. The central horizontal line within the box indicates the median value. The upper
and lower edges of the box represent the first (Q1) and third quartiles (Q3), respectively, showing the interquartile range (IQR). The whiskers extend to
the smallest and largest values within 1.5 times the IQR from Q1 and Q3, respectively. (b) Bubble plot representing the total cDNA size in gigabases (G)
mapped for each species. (c) Bubble plot illustrating the global m®A modification ratios (%) across the transcriptomes of the respective species. (d)
Bubble plot indicating the total number of genes detected. The size and color intensity of the bubbles in panels b, ¢, and d correspond to the numerical
ranges provided in the rightmost key. Species name annotation: Myotis (Myotis chinensis), Rhinolophus (Rhinolophus pusillus), Hipposideros
(Hipposideros larvatus). (C) Frequency distribution of m®A sites per transcript across three tissues. (D) Proportions of m°A sites conforming to DRACH
motifs compared with total adenines. (E and F) The y-axis represents the m®A modification level of a tissue. DRACH reads refer to the sum of all reads
at DRACH motif sites in the sample. Correlation analyses of m®A modification levels with cDNA genome size and gene number, using a phylogenetic
regression approach. The most appropriate model selected is the Ornstein-Uhlenbeck model. The m®A methylation levels show a significant negative
correlation with gene number in liver. Similarly, m®A methylation levels are significantly negatively correlated with cDNA genome size in liver. (G and H)
Conservation patterns of m®A modifications in orthologous genes across multiple species and their distribution across transcript regions (5'-UTR, CDS,
and 3’-UTR).
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fied with 1.8 x Agencourt RNAClean XP beads and washed
with 23 ul of nuclease-free water, and subsequently sequenc-
ing adapters were added using 8 ul of NEBNext Quick Lig-
ation Reaction Buffer (New England Biolabs, NEB), 6 ul of
RNA adapter (RMX), and 3 ul of T4 DNA ligase. The mix
was purified and washed again as above, and 75 ul of RNA
running buffer (RRB; SQK-RNA002) were added with 35 pl
of nuclease-free water. This final reaction system was loaded
into the Nanopore R9.4.1 sequencing micro-array and se-
quenced for 48-72 h using the PromethION sequencer (Ox-
ford Nanopore Technologies).

Processing, alignments, and analysis of novel
genes and transcripts

To assess the read quality, raw reads were called using
Guppy [36] (version: 5.0.16 + b9fcd7b) base-calling soft-
ware (Oxford Nanopore, Oxford, UK), and adapter sequences
were also trimmed by Guppy. Guppy was only available to
ONT customers via their community site (https://community.
nanoporetech.com). Low quality reads (Q-value < 7) and
short-length reads (< 50 bp) were filtered by Nanofilt (ver-
sion: 2.8.0) [37]. The remaining clean reads were corrected
using the fmlrc2 (version: 0.1.4) with our short-length RNA-
seq data [38]. Afterwards, clean reads from each library were
aligned to the reference genomes from 21 species. Specific
reference genome versions and sources are called using Min-
imap2 (version: 2.17, parameters: -r 941) [39]. The alignment
ratios were calculated using Samtools (version: 1.11) [40]. To
reduce the redundancy of the alignment, we merge the align-
ment with only differences in exons at the 5’ end, and ob-
tain the non-redundant transcript sequence using StringTie
[41] (version: 2.1.4, parameters: -conservative -L -R). Gf-
fcompare [42] (version: 0.12.1, parameters: -R -C -K -M)
was used to compare the transcripts with the known tran-
scripts of the genome and find new transcripts and new
genes.

Sequencing, assembly, and annotation of the
four-toed hedgehog and the sugar glider genome

The genomic DNA was extracted from the muscle tissue of
sugar glider (Petaurus breviceps) and the four-toed hedgehog
(Atelerix albiventris) samples. The tissues were obtained from
euthanized individuals and ground in liquid nitrogen before
being transferred to the laboratory. A 2.0 ml EP tube was pre-
pared by adding 1.0 ml of nuclear lysis buffer, 100 ul of pro-
teinase K (20 mg ml~!), and 100 ul of sodium dodecylsulfate
(SDS; 20%), and pre-heated to 56°C. Approximately 50-100
mg of tissue was collected using a scalpel blade, added to the
pre-heated EP tube, and either minced or ground. The samples
were incubated at 56°C for 1-2 h and centrifuged at 12 000 x
g at room temperature for 10 min. The supernatant was trans-
ferred to a new 2.0 ml EP tube, mixed with an equal volume of
phenol/chloroform/isoamyl alcohol (25:24:1), and vigorously
inverted. After centrifugation at 12000 x g at room temper-
ature for 10 min, the supernatant was transferred to a new
1.5 ml centrifuge tube, avoiding the intermediate protein layer.
Two-thirds of the supernatant volume of isopropanol and 100
ul of sodium acetate were added, gently mixed by inversion,
and the mixture was stored at —20°C for at least 2 h to allow
DNA precipitation. The precipitate was centrifuged at 18 213
x g at room temperature for 15 min, and the supernatant was
discarded. The pellet was washed with 1 ml of 75% ethanol,

pipetted gently to resuspend, and centrifuged at 18 213 x g at
room temperature for 3 min. After removing the supernatant,
any residual liquid was removed by a brief centrifugation, and
the pellet was air-dried for 3-5 min. Finally, 20-200 ul of TE
buffer was added to dissolve the DNA pellet [43].

The genomic DNA was used to construct the single-tube
Long Fragment Read (stLFR) library using the MGI Easy
stLFR Library Prep Kit+ (MGI, Shenzhen, China) following
the manufacturer’s protocol [44]. Transposons were used to
insert a hybridization sequence every 200-1000 bp on ge-
nomic DNA molecules. Then the transposon-integrated DNA
was mixed with beads. Each bead contained 400 000 copies of
an adapter sequence which involved a unique barcode shared
by all adapters on the bead, a common PCR primer site, and
a common capture sequence complementary to the sequence
on the integrated transposons. After capturing the genomic
DNA on the beads, the transposons were ligated to the bar-
code adapters. PCR was performed after the ligation step. The
stLFR library was sequenced on BGISEQ-500 and DNBSEQ-
T1 platforms. We also constructed Hi-C libraries from four-
toed hedgehog and sugar glider to anchor scaffolds onto the
chromosome. In brief, freshly cut muscle tissues were vac-
uum infiltrated in nuclei isolation buffer supplemented with
2% formaldehyde. The addition of glycine and additional
vacuum infiltration stopped cross-linking. Fixed tissue was
ground to powder before being resuspended in nuclei isolation
buffer to obtain a suspension of nuclei. Purified nuclei were
digested with Mbol restriction enzyme and stained by biotin-
14-dATP. T4 DNA polymerase removed biotin-14-dATP from
non-ligated DNA ends. The ligated DNA was sheared into
300-600 bp fragments, blunt-end repaired and A-tailed, and
purified using biotin—streptavidin-mediated pull-down. The
Hi-C libraries were then sequenced on the BGISEQ-500 and
DNBSEQ-T1 platform.

We implemented Supernova v2.1.1 [45] to acquire initial
genome assembly after filtration for the removal of barcode
sequences, adapters, and reads with low quality using SOAP-
filter v2.2 [46]. Reads with > 10% low-quality bases (Q < 10)
were discarded. Adapter contamination and PCR duplication
reads were also filtered. The initial assembly was generated
under “pseudohap” style in Supernova. Gaps between contigs
within the same scaffolds were filled by Gapcloser software,
and purge haplotigs v1.1.1 [47] was employed to remove the
redundant sequences. We achieved 2.57 and 3.38 Gb draft as-
semblies with 0.13 and 0.50 Mb scaffold N50, and 0.019 and
0.029 Mb contig N50 of four-toed hedgehog and sugar glider,
respectively. We also generated a Hi-C library for chromo-
some anchoring of sugar glider and four-toed hedgehog with
Mbol restriction enzyme. Hi-C clean reads were pre-processed
using HiC-Pro v2.8.0 [44] to obtain valid pairs of reads in-
volving two different restriction fragments. Those valid read
pairs were aligned to the genome draft using the Juicer v1.5
[48] pipeline with removal of duplicates and near duplicates to
establish Hi-C contact matrixes. With the assistance of close
species karyotype for clustering, we anchored draft scaffolds
to form pseudochromosomes according to Hi-C contact ma-
trixes using a 3D de novo assembly (3d-dna, v170123) [49]
pipeline. We visualized the contact density map in Juicebox
v1.11.08 [50] for manually polishing scaffolding faults. Fi-
nally, 87.29% and 93.71%, respectively, of four-toed hedge-
hog and sugar glider scaffold lengths were anchored to 22 and
11 chromosomes, and an improved scaffold N50 of 106.05
and 363.52 Mb was achieved.


https://community.nanoporetech.com

We used RepeatMasker v4.1.5 (www.repeatmasker.org/)
for homology-based repeat annotation with ther Repbase li-
brary (version 20181 026) and RepeatModeler v2.0.1 soft-
ware for de novo repeat annotation [51]. RepeatClassifier
embedded in RepeatModeler and TEclass v2.1.3 [52] were
utilized to predict transposon elements. Repeat ProteinMask
v4.0.9 [53] and Tandem Repeat Finder v4.10.0 [54] were
employed to annotate repeat proteins and tandem repeats,
respectively. After hard-masking, we used Augustus v3.1.0
[55] and Genscan v1.0 [56] to predict gene models using hu-
man genes as the training set. Homology annotations were
predicted with genes from human and sibling species in-
cluding Erinaceus europaeus, Condylura cristata, Suncus etr-
uscus, Galemys pyrenaicus, Sorex araneus, and Homo sapiens
for four-toe hedgehog, and Trichosurus vulpecula, Vombatus
ursinus, Phascolarctos cinereus, Dromiciops gliroides, Sar-
cophilus harrisii, and H. sapiens for sugar glider. We searched
for peptide sequences (BLAT v36 [57]) and predicted the cod-
ing sequence (GeneWise v2.4.1 [58]). ONT-DRS transcripts
were used for identifying open reading frames with TransDe-
coder v5.5.0 [59]. The aforementioned ab initio prediction,
homology, and transcript annotation were integrated by Glean
to generate final protein-coding gene sets including 30 587 and
29642 genes of four-toe hedgehog and sugar glider, respec-
tively. rRNA and tRNA were identified using BLASTN with
human rRNA and tRNAscan-SE v1.3.1 [60], respectively. We
used INFERNAL v1.1.1 [61] software to annotate small nu-
clear RNA (snRNA) and microRNA (miRNA) against the
Rfam v14.1 database [62].

Preparation and sequencing of MeRIP libraries
Following the manufacturer’s protocol, total RNA was im-
munoprecipitated using the m® A-IP Kit (GenSeq Inc.). Briefly,
RNA was fragmented into ~200 nt using the RNA Fragmen-
tation Reagent, and Protein A/G beads were prepared by ro-
tating them for 1 h to bind the antibody. The bead-antibody
complexes were then incubated with the fragmented RNA at
4°C for 4 h. After incubation, the RNA-antibody complexes
were washed multiple times. Subsequently, the bound RNA
was eluted and purified. RNA libraries for both immuno-
precipitated and input samples were prepared using the Low
Input Whole RNA Library Prep Kit (GenSeq) according to
the manufacturer’s instructions. The quality of the libraries
was assessed using an Agilent 2100 Bioanalyzer, and high-
throughput sequencing was performed on an Illumina No-
vaSeq X Plus platform in paired-end mode [33].

Correlation between gene expression level and
modification level

The expression level of a gene refers to the mean counts per
million (CPM).

direct RNA counts of a gene

CPM =
all mapped reads of a sample x 10°

When conducting the correlation analysis between the gene
expression level and the modification level of species, we cal-
culated the correlations separately according to the tissues,
namely liver, kidney, and brain. The correlation analysis was
carried out at both the gene level and the species level. The
modification level of a gene is represented by Mgepe, and the
expression level of a gene is represented by CPM. The modifi-
cation level of a species refers to the median value of Mgeye in
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one of the liver, kidney, and brain tissues of that species, while
the gene expression level of a species is the median value of
the CPM of all genes in this sample. Phylogenetic influence
was accounted for by using the phytools R package [63] in
the correlation analysis.

Identification and estimation of m8A RNA
methylation

To identify m®A modification sites, we used Nanopolish (ver-
sion 0.14.0) [64] and m6Anet (version: 2.0.2) [65] with the
pre-trained HCT116_RNAO002 model. During the detection
process, m6Anet randomly sampled at least 20 reads from
each site and calculated the average probability of modifi-
cation through multiple rounds of sampling. The number of
sampling iterations was controlled by the —num_iterations
parameter, with a default value of 5, which balances stabil-
ity and reduced runtime. Mé6Anet calculated the modification
probability for each candidate site, and the mod_ratio repre-
sents the proportion of modified reads at a specific site rela-
tive to the total reads. To enhance reliability, we conducted
a systematic evaluation of detection thresholds and their im-
pact on mPA site identification. Our analysis revealed a clear
precision— recall trade-off: increasing the probability thresh-
old substantially improved accuracy—as measured by over-
lap with m®A-seq peaks—but resulted in fewer identified sites
(Supplementary Figs S43 and S44). To ensure accuracy, we ap-
plied a stringent threshold, selecting sites with a modification
probability > 0.9 as reliable m® A modification sites.

We defined several metrics to measure m®A modification
levels at the tissue, motif, site, and gene levels. For tissues,
the modification level Msue is calculated as the proportion of
mPA-modified reads to the total reads of sites conforming to
the DRACH motif within a tissue. In the numerator, the sum of
reads supporting each m°A site is used. For example, if a single
read contains two mPA sites, it is counted twice. Similarly, in
the denominator, all reads associated with the DRACH mo-
tif are counted. If a read contains two DRACH motifs, it is
also counted twice, regardless of whether the motifs are mod-
ified as DRA®CH. This definition accounts for gene expres-
sion levels, the number of adenines (A) (reflecting gene length),
and the sample’s library size (Supplementary Figs S45-547;
Supplementary Table S38).

sum of m°A reads of a site in a tissue

Mssue = all DRACH reads of a site in the library

For the modification level of a gene, MGene is defined as the
total number of m®A-modified reads in the gene divided by
the total number of reads for the gene, further divided by the
total number of DRACH motif reads (i.e. the library size) in
the sample.

sum ofm®A reads of a site in a gene
MGene =

all reads of a site in a gene

/all reads of DRACH in the library x 10’

The modification level of a specific motif type, My, oqif, 18
defined as the total number of reads for a particular modified
motif type in the sample divided by the total number of reads
matching that motif type in the sample, further divided by the
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total number of DRACH motif reads in the sample.

The reads of each DRA®CH site within a tissue
The reads of this DRACH type site within a tissue

/all reads of DRACH in the library x 10’

Mmotif =

The m®A modification level of a specific site, Mj., is defined
as the number of reads at that site divided by the total number
of reads for the gene containing the site, further divided by the
total number of DRACH motif reads in the sample.

m®A reads of a site
Msite =

all reads of a site in a gene

/all reads of DRACH in the library x 10’

Although our m°A atlas was generated using Nanopore
RNAO002 chemistry, we ensured high data fidelity by imple-
menting a rigorous hybrid correction pipeline with short-read
sequencing to achieve > 99% sequence identity, coupled with
stringent probability filtering (score > 0.9) using the mé6Anet
algorithm. To comprehensively benchmark this pipeline, we
validated the dataset against multiple orthogonal method-
ologies. First, the m6Anet model inherently minimizes false-
positive background noise by incorporating modification-free
in vitro transcribed (IVT) RNA during its development. For
quantitative accuracy, our predicted modification probabili-
ties showed strong concordance with chemical-based abso-
lute quantification, demonstrating a highly significant posi-
tive correlation with GLORI-seq measurements in HEK293
cells across 3219 shared loci (Pearson » = 0.67, P < 0.0001;
Supplementary Fig. S48), as well as consistency with colori-
metric assays (Supplementary Figs S9 and $10; Supplementary
Table S28). Furthermore, positional validation against newly
generated and publicly available MeRIP-seq data across cor-
responding species exhibited robust spatial agreement, with a
median overlap of 85.57% (Supplementary Fig. S5). Together,
these rigorous controls and orthogonal validations confirm
that our analytical framework effectively captures bona fide
m®A modifications, providing a highly reliable basis for cross-
species evolutionary analyses.

Identification of OGs and SGs among 21 species

The protein sequences of 428 816 protein-coding genes from
21 species were used to construct orthogroups using Or-
thoFinder (version: 2.4.0) [66] with default parameters.
Briefly, (i) only the longest protein was selected for identifi-
cation when several isoforms were available for one gene, (ii)
DIAMOND (version: 0.9.24) [67] was used to obtain sim-
ilarity relationship between protein sequences, and (iii) the
MCL graph clustering algorithm was used to cluster genes
into orthogroups. In total, 21 609 orthogroups were identi-
fied. To better categorize the genes, we assigned the designa-
tion of ‘OGs’ (orthogroup genes) to those that appeared in
non-species-specific orthogroups and were present in at least
two species. Genes that did not fulfill these criteria were clas-
sified as ‘SGs’ (species-specific genes).

Sequence alignment and evolutionary selection
analysis

For each set of orthologous genes, multiple sequence align-
ments were performed using MAFFT (version: 7.310) with
default parameters [68]. To ensure the inclusion of only con-
served regions, the alignments were subjected to conservative

filtering using GBlocks (version: 0.91b) [69]. The sequences
obtained from the analysis preserved at least 75% of con-
served sites, and the shortest flanking sequences exceeded
85% of the aligned length, ensuring the retention of crucial
information. To reduce false positives in subsequent evolu-
tionary selection analysis, regions with more than three con-
secutive non-conserved sites were considered to have lower
alignment quality and were removed. Additionally, sites with
missing data in over half of the species were also eliminated
to ensure robustness. During filtering, a block size of 5 was
used. Moreover, to further mitigate the risk of false positives,
genes with < 10 representative species were excluded from the
analysis.

The phylogenetic relationships for all mammalian species
were obtained from the TIMETREE database [70]. To esti-
mate selection pressures, the FUBAR site model in the HY-
PHY software was used to test different categories of mam-
mals, ultimately providing information on the selection pres-
sure (¢ < p and & > B) for each gene. To assess the strength
of relaxed selection on each branch and gene, the RELAX
model in HYPHY [71] was used to compute the relaxation co-
efficient (wbackground branch k= Wforeground branch) between fore-
ground and background branches. A selection intensity pa-
rameter k& > 1 indicated intensified positive selection, while
k < 1 indicated relaxed selection. All parameter estimates
obtained were utilized in subsequent analyses. Conservation
scores for each site were calculated using GERP++ (gerpelem)
[72] and Rate4Site (version: 3.0.0) [73].

Codon-position-matched controls in coding
sequences

To control for coding-related confounders, we performed a
codon-position-matched conservation analysis in coding se-
quences (CDSs) using per-site m®A call tables with mapped
human genomic coordinates (chr, 1-based position), region
annotation, and phastCons scores. Because human transcript
identifiers were not available, each CDS site was assigned to an
inferred protein-coding human transcript using the GRCh38
GTF annotation by selecting, among all protein-coding tran-
scripts whose CDS overlaps the site, the transcript with the
longest total CDS length to obtain a reproducible reading
frame. We computed each site’s CDS coordinate by travers-
ing merged CDS exons according to transcript strand and de-
fined codon position as codon_pos = [(CDS_pos - 1)mod3] +
1. For each CDS m®A site, we selected one nearby unmodi-
fied control adenine within a + 200 nt window that was not
in the m°A site set, lay within the CDS of the same inferred
transcript, matched the same codon position (1/2/3), and was
an “A” in the GRCh38 reference genome; candidates overlap-
ping the 3’-untranslated sequence (UTR) were excluded (the
UTR was prioritized when overlap occurred), and the near-
est eligible candidate was chosen when multiple candidates
existed. PhastCons scores for controls were retrieved from
per-chromosome phastCons tracks, and differences between
mPA sites and matched controls were tested using two-sided
Wilcoxon rank-sum tests stratified by codon position (1/2/3)
and visualized with violin/box plots with mean and median
annotations.

Restriction to 4-fold degenerate sites

To minimize potential amino acid level confounding in CDSs,
we performed an additional analysis restricted to 4-fold de-
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generate (4D) sites. Using the inferred transcript frame and the
GRCh38 reference sequence, we reconstructed the codon for
each CDS site and classified a site as 4D if it occurred at codon
position 3 and if substituting the third base with A/C/G/T did
not change the encoded amino acid under the standard genetic
code (excluding stop codons and codons containing ambigu-
ous bases). We then restricted both the CDS m°®A and matched
control sets to 4D sites and compared phastCons distributions
using a two-sided Wilcoxon rank-sum test, with visualization
analogous to the codon-position-stratified analysis.

Phylogenomic stratigraphy

We employed the phylogenomic stratigraphy method [74] to
trace the evolutionary origins of m® A-modified genes in mam-
mals. Expanding from the original 21 mammalian species,
we included nine additional representative species: H. sapi-
ens, Saccharomyces cerevisiae, Caenorbabditis elegans, Ciona
intestinalis, Petromyzon marinus, Danio rerio, Xenopus tropi-
calis, Cyanistes caeruleus, and Ornithorbynchus anatinus. The
phylogenetic tree was temporally calibrated using divergence
times from TimeTree [75] and divided into nine phylostrati-
graphic layers based on their evolutionary chronology. Using
H. sapiens as the focal species, the phylostratr software [76]
was applied to trace the earliest emergence layers of human
genes. Additionally, we mapped the origins of m®A-modified
orthologous genes shared between humans and 21 mammals
across liver, kidney, and brain tissues, quantifying their abun-
dance and modification levels within each phylostratigraphic
layer.

Tissue specificity analysis

To identify genes with tissue-specific modifications, the tissue-
specific expression index (tau, T) was calculated for the mod-
ification level of each gene in different tissues to characterize
the specificity of gene modification [77]. The specific formula
is as follows:

N
. Y L —xi A Xi
au = s X =
n—1 max Xx;
1<i<n

where x; is the average modified ratio of m®A sites in a tissue,
and 7 is the number of tissues being studied.

Structural analysis of gene transcripts

Suppa2 [78] was used to obtain alternative splicing events for
each sample, and Suppa2 diffSplice [79] was used to identify
the difference variable splice between groups. We quantified
entropy-based splicing complexity for each alternative splic-
ing event using splicing entropy (Shannon entropy), which
captures the diversity/heterogeneity of isoform (pathway) us-
age within an event rather than the abundance of a specific
alternative splicing event type. The calculation formula is as
follows [80]:

Splicing entropy = — Z.llfilogz Vi

Where ; represents the relative expression level of the ith
alternative splicing pathway of a transcription event (0 < ¥; <
1). As can be seen from the above formula, the entropy value
(splicing entropy), which measures alternative splicing com-
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plexity, refers to the heterogeneity (degree of inconsistency) of
the relative expression of all splicing patterns. After dividing
the resulting entropy values into different types (splicing en-
tropy = 0 and > 0), the events of different complexity in each
tissue of each species are counted.

For the positional analysis of m°®A sites relative to alter-
native splicing architectures, we utilized high-confidence m°®A
sites with a modification probability threshold strictly > 0.9.
Alternative splicing events, including skipped exons, mutu-
ally exclusive exons, alternative 5" and 3’ splice sites, alter-
native first and last exons, and retained introns, were anno-
tated using SUPPA. To construct the meta-event profiles, the
genomic coordinates of these events were mapped onto a stan-
dardized meta-coordinate system consisting of an upstream
flank, the event body, and a downstream flank. The flanking
regions were set to a fixed length of 200 nucleotides. To accu-
rately delineate the variable regions for alternative 3’ and §’
splice site events and completely exclude intronic sequences,
the event body was defined by the genomic difference be-
tween the competing splice coordinates. All positional map-
pings were performed in a strand-specific manner to preserve
the 5" to 3’ RNA directionality. Density profiles were gener-
ated using Gaussian kernel density estimation. When aggre-
gating data across multiple species or biological replicates, a
reciprocal weighting strategy was applied to ensure equal con-
tribution from each dataset, preventing domination by sam-
ples with higher sequencing depths or site counts.

To quantitatively evaluate m®A enrichment near splice
boundaries, we defined analysis windows of 25, 50, and 100
nt located strictly upstream of the relevant alternative splic-
ing junctions, based on the transcript strand direction. To
rigorously control for local sequence context, base compo-
sition, and basal transcript abundance, we implemented a
local upstream-shifted background strategy. For each splice-
proximal window, a length-matched local background win-
dow was generated by shifting the coordinate exactly 200 nt
further upstream along the same transcript. This shift distance
was selected to ensure the background region was placed out-
side the anticipated physical footprint of the exon junction
complex (EJC). Genomic sequences for these windows were
extracted using the reference genome FASTA files. The raw
m®A modification ratio for each window was calculated by
dividing the absolute number of high-confidence m°A sites
within the window by either the total number of adenosines
or the total occurrences of the canonical DRACH sequence
motif within that exact sequence.

For the exon-level classification and m®A frequency analy-
sis, all transcript exons were extracted from the reference GTF
annotation. Exons were classified into constitutive or specific
alternative categories based on their genomic overlap with the
alternative splicing intervals defined by SUPPA. An exon was
designated as m®A modified if its genomic coordinates over-
lapped with at least one high-confidence m®A site possessing
a modification probability > 0.9. The modification fraction
for each specific exon class was subsequently calculated as the
number of m®A-positive exons divided by the total number of
identified exons within that category. Comparisons between
constitutive and alternative exon classes were then conducted
to evaluate the spatial distribution preferences of m®A depo-
sition at the exon level.
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Regression analysis of m8A modification levels and
life history traits

To investigate the correlation between m®A modification
levels and life history traits while accounting for phylo-
genetic relationships, we employed phylogenetic general-
ized least squares (PGLS) regression. The analysis was con-
ducted using both the Brownian motion (BM) model and the
Ornstein—Uhlenbeck (OU) model to assess the evolutionary
processes influencing trait variation. The phylogenetic tree
used for PGLS was constructed based on available species re-
lationships, and branch lengths were estimated accordingly.
Model selection was performed by comparing the Akaike in-
formation criterion (AIC) values, with the best-fitting model
used for subsequent analyses. The PGLS analysis was imple-
mented in the R package caper [81], where m®A modification
levels were set as the dependent variable, and life history traits
(e.g. longevity, adult body weight, and basal metabolic rate)
as independent variables. Statistical significance was evalu-
ated based on regression coefficients and P-value, providing
insights into the evolutionary association between m®A mod-
ifications and life history traits.

RNA secondary structure prediction

The locations of m°®A sites obtained from mé6Anet [65] were
utilized to extract fasta sequences containing m°A sites from
the reference genome. Subsequently, RNAfold [82] was em-
ployed for predicting the secondary structure of RNA. Python
scripts were used to compile information from the obtained
secondary structure results. The positions of m°A sites were
aligned with the sequence positions in the secondary structure
prediction files to assess the secondary structure and quantity
of both m®A and non-mC°A sites. The positions of m°®A sites
on each transcript were obtained from mé6Anet. The transcript
positions were then mapped to the corresponding genomic po-
sitions, and subsequently converted into a bed file representing
the mC®A site distribution on the genome. Visualization of the
m®A site distribution in the liver, kidney, and brain of the same
species was achieved using Guitar [83] (R version 4.3).

3-Deazaadenosine treatment for cell m®A inhibition
The broad-spectrum inhibitor 3-deazaadenosine (3-DAA),
which blocks the conversion of S-adenosylhomocysteine
(SAH) to S-adenosylmethionine (SAM) by inhibiting SAH hy-
drolysis, was used for treatment. Primary fibroblast cells were
isolated from the kidneys of horses, monkeys, and hyraxes,
and cultured under standard conditions. Once proper cell
attachment was confirmed, the cells were treated with 100
uM 3-DAA for 48 h to reduce global m®A modification lev-
els. After treatment, total RNA was extracted using a stan-
dard phenol-chloroform method, and m®A modification lev-
els were quantified using the EpiQuik m®A RNA Methyla-
tion Quantification Kit (Colorimetric), following the manu-
facturer’s protocol. Additionally, we must acknowledge that
while the broad-spectrum inhibitor 3-DAA effectively induced
global m°A depletion in our non-model primary cells, its po-
tential to introduce indirect effects necessitates cautious inter-
pretation of the splicing responses.

Statistical analysis

All scripts used for computational analysis were written in Perl
(http://www.perl.org), Python (http://www.python.org), or R

(http://www.r-project.org). The Wilcoxon test, the x? test,
and the Student’s t-test were performed using the wilcox.test,
chisq.test, and t.test functions, respectively, in the R (version:
4.2.1) package.

Results and discussion

A moderate conservation of m®A modification in
mammals

We employed the ONT-DRS method (SQK-RNA002, Oxford
Nanopore Technologies) to capture full-length transcripts and
RNA methylation information from a collection of 142 tis-
sue samples (liver, kidney, and brain) representing 21 species
across 11 mammalian orders. This extensive sequencing ef-
fort resulted in a substantial dataset, comprising a staggering
39.90 terabytes of raw data. To refine the ONT-DRS data,
we then generated 1731 GB of clean short-read transcrip-
tome data (see the Materials and methods; Supplementary
Figs S1-S3; Supplementary Tables S1-S4). By examining mod-
ification probability and overlapping ratio with MeRIP-seq
data (see the Materials and methods), we implemented a mod-
ification probability of 0.90 to identity m® A modification sites
using m6Anet [65], which resulted in 786-24 011 highly con-
fident m°A sites, corresponding to 504-8511 genes (Fig. 1B;
Supplementary Figs S4-S6; Supplementary Tables S5-S27). In
each transcript, there are 1-17 m®A sites present in the liver,
1-16 in the kidney, and 1-22 in the brain (Supplementary Fig.
S7). The average numbers of m®A modifications per transcript
in the liver, kidney, and brain are 1.63, 1.76, and 2.11, re-
spectively (Fig. 1C; Supplementary Fig. S8). This is consistent
with findings from other studies, which report ~1.7 peaks per
gene in HepG2 cells [84]. The proportion of DRACH mo-
tifs (D = G/A/U, R = G/A, H = A/C/U) within a gene that
are modified by m®A (m®A/DRACH) ranges from 4.05% to
12.84%, with a mean value of 7.86%. In contrast, the pro-
portion of adenine residues modified by m®A (m®A/A) ranges
from 0.26% to 0.87%, with an average of 0.52% (Fig. 1D).
The general modification levels of tissues are relatively high
in species such as ferrets and guinea pigs, while lower modi-
fication levels are observed in species such as mice, rats, pigs,
and bats (Fig. 1B; Supplementary Fig. S4). To independently
assess the global m®A levels inferred from Nanopore sequenc-
ing across species, we additionally performed a bulk colori-
metric immunoassay on 13 species. The global m°A levels
measured by the colorimetric assay showed a significant posi-
tive correlation with the transcriptome-wide modification es-
timates obtained from Nanopore sequencing (Spearman p =
0.6, P = 0.03; Pearson r = 0.6, P = 0.03) (Supplementary
Table S28; Supplementary Figs S9 and S10). While absolute
m®A levels inferred from algorithmic site calling were gen-
erally higher than those obtained from antibody-based bulk
measurements, reflecting inherent methodological differences,
the strong concordance in rank order supports the compara-
tive reliability of our cross-species m®A abundance estimates.

PGLS [85] regression analyses further revealed a sig-
nificant negative correlation between the m®A ratio and
both the cDNA genome size (liver: adjusted R? = 0.52,
P =1.93 x 102) and gene number (liver: adjusted R* = 0.63,
P =3.39 x 1073) (Fig. 1E, F; Supplementary Fig. $11). Among
the 15414 orthologous genes analyzed, 25.54, 34.24, and
35.70% of them exhibited conserved m®A modifications in
liver, kidney, and brain tissues, respectively (Fig. 1G). Further-
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more, when integrating a stoichiometric constraint to require
quantitative consistency (A S < 0.473; Supplementary Fig.
§12), the proportions of strictly conserved genes satisfying
both positional and quantitative criteria were refined to 15.11,
22.62, and 23.89%, respectively (Supplementary Fig. S13).
This is consistent with a previous study reporting that m°A is
present in ~30-40% of mRNA transcripts in vertebrates [86].
In addition, genes with highly conserved m®A modification
mainly revolved around the cell endomembrane system, re-
ceptor activities, and polysaccharide binding (Supplementary
Fig. S14). At the sub-transcript level, evolutionary conserva-
tion was observed in the CDSs (44.29%), 3’-UTR (38.18%),
and 5’-UTR (6.06%) across more than half of the species an-
alyzed (Fig. 1H; Supplementary Fig. S15). However, at the
single-nucleotide level, ~88 246 orthologous m°A sites were
identified among 5 639 266 adenine residues, yielding a con-
servation rate of only 1.56%. Overall, these findings indicate a
moderate degree of evolutionary conservation of m® A modifi-
cations across mammals, highlighting a diversity of these mod-
ifications at broader regulatory levels.

We then inferred the evolutionary origins of mammalian
genes harboring m®A modifications using phylostratigraphy
analysis (Fig. 2A; Supplementary Table S29). Our results re-
vealed a progressive decrease in the number of homologs to
mP®A-modified genes across the early phylostrata (PS1 Eukary-
ota to PS8 Prototheria), followed by a resurgence in both the
number and fixation rate of m®A-modified genes in PS9 (Pla-
centalia) (Fig. 2B-E). m®A modification levels of ancient ho-
mologs increased from PS1 to PS5 (Eukaryota to Actinopteri),
experienced a marked reduction at PS6 (Amphibia), and then
recovered in Amniotes (PS7-PS9), forming an “evolution-
ary N-shaped curve” that was consistent across liver, kidney,
and brain tissues (Fig. 2F-H). While this distinct pattern is
consistent with a hypothesis of adaptive epigenetic remod-
eling during the amphibian-to-amniote transition, the appar-
ent reduction in m®A at PS6 should be interpreted with cau-
tion. Alternative explanations may contribute to the observed
signal, including lineage—specific genomic features, compo-
sitional biases affecting motif availability, or differences in
transcript architecture that influence m®A site detectability.
In addition, amphibian reference genomes are generally less
complete and less well annotated than those of amniotes,
which may lead to reduced sensitivity in ortholog identifi-
cation, transcript boundary definition, or modification call-
ing. Notably, although evolutionarily “new” m®A homologs
(PS6-PS9) were fewer than “old” m®A homologs (PS1-PS5),
they displayed significantly higher m®A modification levels,
indicating enhanced regulatory efficiency in recently evolved
mP®A-modified homologs (Fig. 2B-E; Supplementary Fig. S16).

Selection signatures of m®A modifications

Of the 21 examined mammals, orthologous genes exhibited
a significantly higher proportion of m®A methylation (the
fraction of genes with m®A modifications among all genes
in a species) compared with species-specific genes (Fig. 3A,
B; Supplementary Fig. S17; Supplementary Table S30). We
sought to investigate the selection signatures associated with
orthologous groups containing m®A-modified sites. First, we
applied “site models” [87, 88] to examine selection signals
at specific sites where m®A modifications occur. This analy-
sis revealed that 4492 (48.42%) m°®A-modified sites exhib-
ited signatures of positive selection, a proportion significantly
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higher than expected (x> = 6.69, P = 9.6 x 1073) (Fig. 3C; see
the Materials and methods). Next, we employed the “branch-
site model” [88] to assess whether m®A-modified sites expe-
rienced selective pressure along specific evolutionary lineages.
For each ortholog, species with m® A modifications were desig-
nated as foreground branches. Our results showed that 6.68%
of m®A-modified sites were under positive selection, which
was slightly lower than the 7.23% observed in their non-m®A-
modified counterpart (Fig. 3D; Supplementary Figs S18 and
$19). These findings suggest that codons harboring m® A mod-
ifications are subject to positive selection; however, the specific
residues commonly modified by m®A are not consistently un-
der selection in the shared species.

We also employed the FUBAR (fast, unconstrained
Bayesian approximation) [89] model to evaluate the selec-
tion pressures and modification levels associated with m®A
sites. This analysis revealed that m® A-modified sites exhibited
significantly higher modification levels under negative selec-
tion compared with positive selection. Furthermore, a greater
proportion of m®A-modified sites demonstrated high credi-
bility (posterior probability > 0.9) under negative selection
than under positive selection. In contrast, non-m®A-modified
sites showed a higher representation of high credibility un-
der positive selection pressures (i.e. o« < B, posterior probabil-
ity > 0.9). On the other hand, m® A-modified sites consistently
displayed higher credibility under negative selection (i.e. o« >
B, posterior probability > 0.9). Consistent with conservation
score estimates (Fig. 3E-H), these findings indicate that most
residues with m®A modifications are conserved across phy-
logeny and constrained by negative selection.

To determine whether this evolutionary constraint extends
beyond coding regions, we evaluated nucleotide-level con-
servation (phastCons) in the 3-UTR. We found that m°®A
sites within the 3’-UTR are significantly more conserved than
closely matched, unmodified control adenines (Supplementary
Fig. S20). Furthermore, to rule out the possibility that the ele-
vated conservation observed at CDS m°®A sites is merely an ar-
tifact of underlying coding-related constraints, we performed
two complementary control analyses. First, when strictly
matching control adenines by codon position, CDS m°A sites
remained significantly more conserved across all three po-
sitions (Supplementary Fig. S21). Second, we restricted our
analysis exclusively to 4D sites, where nucleotide substitutions
are synonymous and do not alter the encoded amino acid.
Even within this amino-acid-neutral background, CDS m®A
sites retained significantly higher conservation than matched
non-m°A controls (Supplementary Fig. S22). Together, these
results demonstrate that m® A-associated positions across both
the CDS and 3’-UTR are subject to elevated, modification-
specific evolutionary constraints that are independent of base-
line amino acid identity or codon position biases.

Motif preferences and tissue-specific méA in
mammals

Across the examined tissues (liver, kidney, and brain) in the an-
alyzed species, the m® A consensus motif DRACH (D = G/A/U,
R = G/A, H = A/C/U) exhibited prominent enrichment.
Among these, the GGACU motif was the most prevalent
(Fig. 3L; Supplementary Fig. S23), followed by AGACU and
GGACA (Fig. 3J; Supplementary Tables S31 and S32). In all
three tissues, GGACU, GGACA, and AGACU were consis-
tently the most enriched motifs (Supplementary Figs S24 and
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Figure 2. Enhanced regulatory efficacy of recently evolved m8A-modified genes in the vertebrate brain. (A) Phylogenetic framework spanning nine
phylostrata (PS1-PS9), with representative species [e.g. Saccharomyces cerevisiae (PS1), Ornithorhynchus anatinus (PS8)] and divergence times (MYA)
from TimeTree. (B and C) Total genes (B) and m®A-modified genes (C) per phylostratum, showing progressive reduction from PS1 (7568 genes; 6413

mBA genes) to PS9 (681 genes; 142 m°A genes). (D) m

A gene ratio (%) per layer, declining from 84.74% (PS1) to 20.85% (PS9). (E) Gene fixation rates

(novel genes/MY) and m®A gene fixation rates, highlighting peaks at PS4 and PS9. (F-H) Tissue-specific m6A modification levels (liver, kidney, and brain)
comparing “old” (PS1-PS5) and “new"” (PS6-PS9) genes. Brain tissue shows significantly higher m8A levels in new genes (median 3.9 versus 3.6,

P=0.01).

$25). These findings align with previous studies on m®A mod-
ifications in human cells using MeRIP-seq and CITS-m°A-
miCLIP, which similarly identified GGACU as the most en-
riched consensus motif [90, 91]. Furthermore, GGACU and
GGACA exhibited the highest GERP scores and the lowest
Rate4Site scores, suggesting that they are the most conserved
among all m®A motifs (Fig. 3K, L). The modification levels of
motifs (M,oif) demonstrate both species- and tissue-specific
patterns. GGACU consistently ranked as the most modified
motif across all tissues and species, with AGACU generally
ranking second (Supplementary Figs S26 and S27). This find-
ing is further supported by a study employing m® A-SAC-seq in
human cells, which also confirmed GGACU as the most com-
mon motif and AGACU as the second most common [92].
Given that m®A modification is regulated by a network
of genes categorized as “writers”, “readers”, and “erasers”,
we examined whether tissue-level m®A abundance covaries
with the expression of these regulators across species while
accounting for phylogenetic relatedness. In mammals, inter-
nal m®A on mRNA is deposited primarily by the multi-
protein METTL3-METTL14 writer complex together with

auxiliary targeting factors (e.g. WTAP, VIRMA/KIAA1429,
RBM15/15B, and ZC3H13), and is canonically decoded by
YTH-domain proteins (YTHDF1/2/3 and YTHDC1/2) [93];
additional proteins (including IGF2BPs) have been proposed
as context-dependent m®A-associated readers. We found that
the expression levels of most individual m®A regulators were
not significantly correlated with global m®A modification lev-
els (Supplementary Figs S28 and S29; Supplementary Table
S33). However, a few genes exhibited correlations in specific
tissues. For instance, the expression of METTL16 (a “writer”,
adjusted R> = 0.37, P = 0.01, PGLS regression), YTHDF2
(a “reader”, adjusted R*> = 0.50, P = 7.00 x 1073, PGLS
regression), and IGF2BP3 (a “reader”, adjusted R> = 0.48,
P = 1.30 x 1072, PGLS regression) showed significant cor-
relations with global m®A modification levels in the kidney
(Fig. 3M). Notably, METTL16 is a distinct m®A methyl-
transferase reported to modify a comparatively restricted set
of structured RNA substrates, with MAT2A being the best-
characterized protein-coding target [94]. Similarly, YTHDF2,
a critical reader protein, binds specifically to m®A-modified
RNAs, influencing their stability and degradation [95]. The
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Figure 3. Species-specific patterns, motif preferences, and evolutionary selection of méA modifications. (A and B) Comparative analysis of m®A

Gene Expression Level
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"

modifications in orthogroup genes (OGs) versus species-specific genes (SGs). (C and D) Proportion and evolutionary analyses of m8A versus non-m°A

sites under selection pressure. (E and F) Comparative selection analyses for m8A modifications and adjacent non-mPA sites. (G and H) Conservation
scores (via GERP-++ and Rate4Site) of m®A-modified and non-modified sites. (I) lllustration of common m®A motif patterns using a representative

species (monkey) as an example. The GGACU motif is the most frequently observed across nearly all species. Detailed motif patterns for other species
are provided in the supplementary figures. (J) Mean abundance and variability of m8A motifs across mammalian species. Pink bars represent the mean
counts of each motif across all samples, while blue bars represent the variance in motif counts across samples. (K and L) Tissue-specific conservation

scores (GERP++ and Rate4Site) for each m8A motif. These distributions highlight the evolutionary conservation of m®A motifs across brain, kidney, and

liver tissues. (M) Association of METTL16 (writer), YTHDF2, and IGF2BP3 (readers) expression with global m8A levels in kidney tissue. Correlation

analysis reveals significant positive relationships (PGLS, P < 0.05; dashed lines indicate 95% confidence intervals), suggesting that these genes act as
tissue-specific drivers of m®A deposition and recognition. Axes: normalized gene expression (CPM) versus m®A modification level (Missus)-
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observed tissue specificity may reflect indirect coupling to
methyl-donor metabolism (e.g. the METTL16-MAT2A axis)
[96], differences in cellular composition, or tissue-specific reg-
ulatory programs. Nonetheless, because global m°A is an ag-
gregate phenotype influenced by multiple factors (e.g. writer
complex stoichiometry, substrate transcriptome composition,
methyl donor metabolism, and cellular composition), these as-
sociations should be interpreted as hypothesis-generating ob-
servations rather than direct evidence of causality.

We then adopted the widely recognized tau tissue specificity
index [77] to evaluate the tissue-specific nature of m® A methy-
lation across various species (see the Materials and meth-
ods for details). tau ranges from 0 to 1, where O indicates
widespread methylation and 1 indicates specificity. Our anal-
ysis revealed that llama, hyrax, guniea pig, and bats displayed
relatively higher levels of tissue-specific m®A methylation,
whereas mouse, sheep, monkey, and dog presented with lower
levels of tissue-specific methylation (Fig. 4A). To further inves-
tigate these findings, we ranked genes with tau values to ex-
amine the genomic positions of genes with high tissue-specific
methylation (tau ranking top 100) and those with shared
mPA sites across species (tau ranking bottom 100). In species
such as guniea pig and bats, the tissue-specific m®A sites were
predominantly located in the CDS (Supplementary Fig. S30).
Conversely, in species such as monkey and mouse, the tissue-
specific m®A sites were more enriched in the 3’-UTR (Fig. 4B;
Supplementary Tables S5-S25). These findings indicate that
the functions of m®A sites potentially vary depending on their
positional context within mRNA and may be specific to par-
ticular species. In species with high modification levels, tissue-
specific m®A sites are mostly distributed in the CDS region,
while in species with lower modification levels, m°A sites
shared by tissues are more often distributed in the 3’-UTR.
We also found that species with lower m® A methylation levels
tend to a lower concentration of m®A sites within the CDS,
whereas those are more likely to have m®A sites near the stop
codon (encompassing both the 3’-UTR and CDS) (Fig. 4C;
Supplementary Fig. S31). Additionally, we detected significant
variations in m®A methylation levels across tissues, notably
with the brain and liver invariably presenting the highest and
lowest methylation levels, respectively (Fig. 4D). This con-
trasted with gene expression patterns, where the majority of
genes showed expression across all three tissues, and only a
minor fraction exhibited tissue-specific expression (Fig. 4E;
Supplementary Figs S32-5S34).

The influence of m®A modifications on RNA
splicing

Previous research suggested that m®A methylation can im-
pact mRNA splicing; for instance, the loss of m®A methy-
lation leads to a decrease in alternative splicing complexity
in Drosophila [97]. However, other studies also suggest that
knocking down METTL3 and WTAP to reduce m°®A methy-
lation results in increased alternative splicing [11]. We then
sought to explore the relationships between RNA splicing and
modifications across mammals by employing splicing entropy
to measure the complexity of alternative splicing. Interest-
ingly, we observed a significant negative correlation between
mP®A modification levels and alternative splicing complexity.
Specifically, m® A modification levels were significantly nega-
tively correlated with splicing complexity in the liver (PGLS:
P =0.03), kidney (PGLS: P = 0.40 x 1072), and brain (PGLS:

P = 0.01) (Fig. SA-D; Supplementary Table S34). Further
experiments showed that cells treated with 3-DAA, a broad-
spectrum inhibitor of m® A methylation, exhibited a significant
increase in alternative splicing complexity (PGLS: P = 0.02,
R = —0.72), providing additional support for the observed
relationship (Fig. SE, F).

The observed correlation between global m®A methyla-
tion levels and splicing complexity across species is partic-
ularly intriguing, as the relationship between these two bio-
logical processes remains elusive, even within the context of
a single tissue or species. For example, YTHDC1, an m°A-
specific RNA-binding protein, can influence the activity of
splicing factors such as SRSE, where Serine and Arginine-rich
(SR) proteins function as splicing enhancers to increase splic-
ing complexity [98]. In contrast, alternative findings suggest
that splicing-associated EJC components have been reported
to restrict m®A deposition near splice junctions, potentially
through local steric hindrance after or during spliceosome-
mediated mRNA processing [99]. We then compared the m®A
distribution features within the 50 nt regions upstream of
splice junctions across seven alternative splicing event types.
The results revealed a striking enrichment of 8864 high-
confidence m°A sites near splice junctions in intron reten-
tion (RI) events, which lack EJC binding. In contrast, EJC-
dependent splicing events (SE, AL, AF, A5, A3, and MX) ex-
hibited significantly reduced m®A deposition in homologous
regions, with site counts of 253, 1513, 1737, 138, 867, and
1879, respectively (Supplementary Fig. S35). Further resolu-
tion of this spatial association through meta-event mapping
revealed localized depletion of m®A at distinct splice bound-
aries. Specifically, A5 events showed depletion at both the
5" and 3’ boundaries of the event body, whereas A3 events
displayed depletion restricted to the 5’ boundary, consistent
with differences in the variable or fixed positioning of the
upstream donor site (Supplementary Fig. $36). Quantitative
analyses further demonstrated that actively spliced events are
associated with reduced m°A ratios within the immediate 25
nucleotide upstream window when compared with locally
shifted background regions. This localized reduction progres-
sively diminished when broader windows were examined and
was not evident in RI events (Supplementary Fig. S37). In ad-
dition, alternative last exons exhibited a higher proportion
of m®A-positive exons relative to other splicing categories,
linking m®A spatial distribution to alternative terminal exon
usage (Supplementary Fig. S38). This spatial distribution is
consistent with a splice-junction-associated spatial constraint
model, in which EJC components deposited during or after
splicing may reduce local accessibility of m®A methyltrans-
ferases near exon—exon junctions through steric hindrance.
For RI events, which retain intronic sequence and therefore
do not form canonical exon—exon junctions, the reduced op-
portunity for EJC deposition may decrease local junction-
proximal constraint and potentially increase methyltrans-
ferase accessibility, which is consistent with the higher m®A
enrichment observed in RI-associated regions. Conversely, in
splicing types with persistent EJC binding (e.g. SE/MX), m°A
deposition efficiency is markedly impaired. This is consistent
with recent studies reporting splice-junction-proximal sup-
pression, which propose that EJC deposition after splicing can
limit methylation accessibility at nearby sites [99]. Notably,
these studies also indicate that a substantial fraction of m®A
deposition occurs post-splicing. Overall, the observations are
compatible with an EJC-associated spatial constraint model,


https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag544#supplementary-data

m8A modifications in non-model organisms 13

A ™ '
= ~ ™ "
0.8 ‘.@ﬁ B i ! : ) o .
vy 7 - « D r
~n/ (7D ‘%’ Ty V) Y
S
©
8
0.4
0~0 L| T - T T ‘_I' T T T (I/, T 1 T ‘_\' T
5 § 3 § E 28 3 g & % 8 g § 2 3 oBEOE OB
=) > < c o © o 'q:) b 'S_ % © = 2 © c o [0} [s]
o T @ <] x ] = ) S S S O %] %] (©] S T L
© 3 = £ 9 IS} g o
[e)) = =l :t'l:) ES QU
@ = 0] S Q
x X
I !
B ' - .
[ | Tissue-specific m°A site [ 1Shared m®A site

Monkey

‘ Guinea pig

L]

Mouse ‘ Rhinolophus bat

0.8

1.0 1.5

1.04
0.5
0.5
0.0 0.0
5UTR: CDS 3'UTR 5UTR ° CDS ° 3UTR 5UTR : CDS : 3'UTR 5UTR : CDS :3'UTR
C D E
Distribution on mRNA -
16
1.5 § meA sites Genes
q) [
= o Liver Kidney Liver Kidney
‘» S N
c 1.0 [S) =
3 5 1575 3,347 599 1,007
g ®
€05 8
B 475
g 1.54
005 < 4,393
5UTR  CDS 3UTR € ol
Brain  Kidney Liver Brain Brain

[]Brain| |Kidney [ |Liver
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Figure 5. A levels were significantly negatively correlated with splicing complexity. (A) Alternative splicing complexity across tissues and species
quantified using splicing entropy (Shannon entropy). For each splicing event, entropy was calculated from the relative usage of alternative splicing
pathways/isoforms; events with entropy = 0 were classified as simple (single pathway; gray), whereas events with entropy > 0 were classified as
complex (multiple pathways with heterogeneous usage; orange). Each species is represented by three bars (liver, kidney, and brain from left to right).
(B-D) Negative association between tissue m®A modification levels and alternative splicing complexity across species in brain, kidney, and liver. The
y-axis indicates the proportion of complex events (entropy > 0) in each tissue/species, and the x-axis indicates the tissue m8A modification level. PGLS
was used to account for phylogenetic non-independence. Note: here, “splicing complexity” refers to entropy-based isoform/pathway diversity within an
event, rather than the frequency of specific alternative splicing event types (e.g. exon skipping or intron retention). (E) Quantification using the EpiQuik
m8A RNA Methylation Kit revealed that 100 uM 3-DAA treatment for 48 h significantly decreased the percentage of m°A (Percentage of mA) in horse
kidney, monkey kidney, and hyrax kidney cells compared with the negative control (NC). Data from three independent replicates (Reps 1-3). (F) For each
sample, the NC and the 3DAA-treated group are connected by lines. The data demonstrate that following 3DAA treatment, all samples exhibit a
reduction in m®A levels accompanied by a significant increase in alternative splicing complexity; overall, m8A modification levels are significantly
negatively correlated with splicing complexity (P = 0.024, R = —0.72). (G) Correlation between RNA secondary structure and m®A methylation. The
upper panel illustrates the distribution of M8 A modification sites on RNA secondary structures, with red adenine residues denoting m8A-modified sites.
Motifs located in loops are highlighted by pink background circles, and those in stems are highlighted by light green circles. The lower panel presents a
contingency table showing the proportions of m®A-modified nucleotide sites located in loops versus stems. (H) Modification rates and rank variations
among different m8A motifs. The five motifs with the highest modification rates—GGACU, GGACC, GGACA, GAACU, and AGACU—are grouped as the
“high-modification” group, while all other motifs are grouped as the “low-modification” group. Light green bars represent the expression levels of highly
modified motifs, while brownish-pink bars represent the expression levels of motifs modified to a low extent. Together, the top five motifs account for
90.10% of the total expression. (I) Structural distribution of high- and low-modification motifs. A higher proportion of adenine sites in high-modification
motifs are located in loops compared with stems, while a higher proportion of adenine sites in low-modification motifs are located in stems.



while not precluding contributions from co-transcriptional
regulatory mechanisms.

In parallel, m®A modifications are also known to modu-
late the secondary structure of mRNA and IncRNA, altering
their interactions with heterogeneous nuclear RNA-binding
proteins (hnRNPs) and ultimately leading to the inhibition of
alternative splicing [2, 100]. Given that SRSF proteins can be
attracted to RNA loop regions to enhance splicing [101, 102],
and that hnRNPs can block alternative splicing upon binding
to these loops [103], it is plausible that the intricacies of al-
ternative splicing are tied to the secondary structure of RNA.
Interestingly, our analyses reveal that m®A modification sites
are significantly more frequent in RNA loop regions than in
stems (Fig. 5G; Supplementary Table S35). Furthermore, heav-
ily modified motifs (comprising 90.10% of all motif occur-
rences) are also enriched in loops (Fig. SH, I), suggesting that
SR proteins and hnRNPs may exert opposing regulatory roles
in this context, influenced by m® A modifications. Despite these
insights, the precise mechanisms underlying this relationship
remain unclear and warrant further investigation.

Cross-species correlation between life history traits
and m8A modification

The dense sampling of mammalian species enabled us to in-
vestigate whether genes harboring m®A modifications are as-
sociated with life history traits across the phylogeny. To ad-
dress this, we conducted a regression analysis under a phylo-
genetic framework (the BM model versus the OU model; see
the Materials and methods) to identify genes whose m® A mod-
ification level correlates with life history data (i.e. longevity,
adult body weight, and basal metabolic rate) (see the Materi-
asls and methods and Supplementary Table S36). Our analysis
identified that 250, 164, and 379 genes show significant corre-
lation with longevity, adult body weight, and basal metabolic
rate, respectively, for m° A (Fig. 6 A-F; Supplementary Fig. $39;
Supplementary Table S37). Among these, five genes (MLFI,
CPLANE2, PMF1, RWDD4, and PLLP) demonstrated a sig-
nificant association with m®A modification across the three
life history traits. Notably, MLF1, RWDD4, and PLLP ex-
hibit m®A modifications at orthologous sites across a broad
range of species, with MLF1 having 17 sites, RWDD4 having
11 sites, and PLLP having 3 sites, all shared by > 10 species
(Fig. 6G; Supplementary Fig. S40). It is reported that MLF1
plays a multifaceted role in regulating the cell cycle, apop-
tosis, and histone modifications, and it is critical for tissue
homeostasis and development. Intriguingly, MLF1 has also
been identified as a pro-aging epigenetic factor, as it recruits
EP300 to facilitate the opening of condensed chromatin, thus
activating senescence-associated effectors [104]. RWDD4, on
the other hand, influences cell proliferation, migration, and
invasion, and acts as a regulatory factor in cancers such as
bladder cancer and glioma [105, 106]. While the functional
consequence of m®A of those genes is currently unknown,
these findings underscore the potential regulatory roles of
m®A modifications in mediating the biological processes un-
derpinning MLF1 and RWDD4, as well as their involvement
in development, metabolism, and aging.

To further explore the relationship between life history
traits and m®A modification, we used longevity as a represen-
tative measure, examining selective pressures and m®A mod-
ification levels across mammals. The 21 mammalian species
were categorized into two groups: long-lived (z = 7) and
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short-lived (7 = 14) (Supplementary Table S36), based on a
cut-off of 26 years [107]. To assess the selective pressure on
genes, we calculated the selection strength parameter k us-
ing the RELAX [71] tool from the HYPHY package, where
k > 1 indicates intensified selection, while a value < 1 sug-
gests relaxed selection. Using k to quantify selection pres-
sures, genes associated with longevity were categorized into
four groups (Fig. 7A, B). In long-lived mammals, the num-
ber of genes with low levels of m®A modification is similar
under relaxed and intensified selection. However, genes with
higher levels of m®A modification in long-lived species are
more frequently subject to relaxed selection than intensified
selection (Supplementary Fig. S41). Furthermore, the propor-
tion of genes with m®A modifications under either relaxed
or intensified selection is notably higher in long-lived species,
with percentages reaching 58.47% in the liver, 64.71% in the
kidney, and 61.28% in the brain (Fig. 7C, D).

It if interesting to have found that, across tissues, eight genes
(SGK1, PLA2G15, IL6R, OSMR, ADGRA3, N4BP1, NDN,
and FAM220A) show higher modification levels and intensi-
fied selection in long-lived species compared with short-lived
ones (Fig. 7E-I; Supplementary Fig. $42). While specific de-
tails on m®A modification of these genes are limited, some of
them have the potential to interact with the aging process.
For example, METTL3 directly catalyzes m®A methylation
on serum/glucocorticoid regulated kinase 1 (SGK1) mRNA
[108], a gene involved in regulating reproductive senescence
and life span. The m°A reader YTHDF2 can specifically tar-
get interleukin-6 receptor (IL-6R) mRNA by recognizing the
m®A-modified site, decreasing the stability of IL-6R mRNA
[109], which plays a significant role in the aging process and
age-related diseases. These observations suggest that both ge-
netic factors and m®A modifications impose constraints on
these genes, shaping their roles in aging and longevity regu-
lation.

Conclusions

This study provides an initial and informative survey of the
m®A modification landscape across 21 non-model mammals,
revealing intricate patterns and showcasing its evolutionary
stability. An important discovery from our investigation is that
~32% of m®A-modified genes are conserved across species,
and m®A modification sites exhibit stronger purifying selec-
tion compared with non-modified sites, underscoring their
functional significance. Furthermore, we found that the splic-
ing entropy shows a significant correlation with m®A methy-
lation. Notably, in long-lived species, genes with higher lev-
els of m®A modification are more frequently subject to re-
laxed selection than intensified selection. Overall, this research
enriches our comprehension of m®A modification across the
mammalian lineage, clarifying its pivotal roles in gene regula-
tion and its potential to influence life history traits.
Nonetheless, several technical limitations inherent to
Nanopore DRS should be considered in the context of the
present study [110]. The accuracy of computational iden-
tification algorithms, such as m6Anet, is intrinsically influ-
enced by the composition of their training datasets and by
the sequencing chemistries applied, including protocol transi-
tions (e.g. RNA002 to RNA004). Although current models ex-
hibit strong cross-species generalizability and effectively sup-
press background signals when assessed using modification-
free IVT RNA, site-level quantification may remain sensitive
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Figure 6. Evolutionary relationships between life history traits and m®A modification across 21 mammalian species. (A) Number of genes whose m°A
modification levels are significantly correlated with longevity, maximum body weight, and basal metabolic rate. (B) Correlation between m®A
modification levels of the MLF1 gene and the three life history traits (PGLS). (C) Pathway enrichment analysis via polysel for genes positively correlated
with m8A modification, life span, maximum adult weight (AW), and basal metabolic rate (BMR). Significance levels are shown as —l0g10Paq; value. (D-F)
MLF1 was significantly associated with all three life history traits and m®A modification levels. (G) Alignment and m®A modification sites in MLF1.
Conserved modification sites are marked in the alignment, with the red ‘A’ representing m®A-modified sites and the pink background denoting the motif
sequence modified by m®A. Key m®A-modified positions (e.g. 1198, 1233, and 1263) are highlighted, with position 1263 conserved across orthologous
sites in 13 species.
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Figure 7. Evolutionary relationships between m®A modification and selective pressures across 21 mammalian species. (A) Classification of genes based
on m8A modification levels and selection pressures in long-lived (n = 7, > 26 years) and short-lived species (n = 14, < 26 years). Genes were categorized
into: (i) genes with higher levels of m8A modification that undergo intensified selection in long-lived species compared with short-lived species (IM); (ii)
genes with higher levels of m®A modification but experiencing relaxed selection in long-lived species compared with short-lived species (RM); (iii) genes
with lower levels of m®A modification that undergo intensified selection in long-lived species compared with short-lived species (Im); and (iv) genes with
lower levels of m8A modification but experiencing relaxed selection in long-lived species compared with short-lived species (Rm). Selection pressure
was determined by the parameter k, with k > 1 indicating intensified selection and k < 1 indicating relaxed selection. (B) Tissue-specific proportions of
genes across the four selection-modification classifications (IM, RM, Im, and Rm) in the liver, kidney, and brain. RM genes comprise 32.2, 35.3, and
45.9% of the liver, kidney, and brain, respectively, followed by Rm, IM, and Im genes. (C and D) Comparative statistics of genes with méA modifications
in long-lived and short-lived species. The left bar chart shows a higher proportion of genes with m®A modifications under selection in long-lived species
(58.47%, liver; 64.71%, kidney; 61.28%, brain). The right bar chart compares the m®A modification levels (measured as the number of reads at méA
sites/reads at DRACH sites) in the liver, kidney, and brain of long- and short-lived species. In the liver, the modification level was 0.6865% in long-lived
species and 0.6966% in short-lived species; in the kidney, it was 1.2316% in long-lived species and 0.6446% in short-lived species; and in the brain, it
was 0.7515% in long-lived species and 1.4442% in short-lived species. (E and F) Functional and evolutionary insights into genes with higher m®A
modification levels and intensified selection in long-lived species. The table highlights examples of these genes, including genes conserved across > 10
orthologous species (“>10 OG") and genes whose mPA levels are associated with the basal metabolic rate (BMR). Functional enrichment analysis
reveals links to processes such as interleukin signaling and inflammatory response. (G-l) Distribution of tissue-specific genes (brain, kidney, and liver)
with elevated m®A modifications and selection pressures in long-lived species, classified following criteria from (D). Genes identified in (G) are
highlighted with rectangles to indicate functional significance.
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to statistical variability, particularly under conditions of lim-
ited read depth or very low true modification stoichiometry.
In addition, the identification of modification sites necessarily
involves a balance between precision and recall. Accordingly,
although our comparative analyses were restricted to high-
confidence sites supported by at least 20 reads and a site-level
modification probability exceeding 0.9, this conservative cri-
terion may lead to an underestimation of the overall preva-
lence of functionally relevant m®A sites that occur at lower
modification levels within the transcriptome.
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