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Abstract 

Background:  DNA 5-methylcytosine (5mC) and RNA N6-methyladenosine (m6A) 
methylation are prevalent modifications in eukaryotes, both playing crucial roles 
in gene regulation. Recent studies have explored their crosstalk and impact on tran-
scription. However, the intricate relationships among 5mC, m6A, and gene expression 
remain incompletely elucidated.

Results:  We collect data on 5mC, m6A, and gene expression from samples from three 
tissues from each of four pregnant cattle and sheep. We construct a comprehensive 
genome-wide self-interaction (same gene) and across-interaction (across genes) 
network of 5mC and m6A within gene-bodies or promoters and gene expression 
in both species. Qualitative analysis identifies uniquely expressed genes with specific 
m6A methylation in each tissue from both species. A quantitative comparison of gene 
expression ratio between methylated and unmethylated genes for m6A within gene 
body and promoter, and 5mC within gene body and promoter confirms the positive 
effect of RNA methylation on gene expression. Importantly, the influence of RNA meth-
ylation on gene expression is stronger than that of DNA methylation. The predomi-
nant self- and across-interactions are between RNA methylation within gene bodies 
and gene expression, as well as between RNA methylation within promoters and gene 
expression in both species.

Conclusions:  RNA methylation has a stronger effect on gene expression than does 
DNA methylation within gene bodies and promoters. DNA and RNA methylation 
in gene-bodies has a greater impact on gene expression than those in promoters. 
These findings deepen comprehension of the dynamics and complex relationships 
among the epigenome, epitranscriptome, and transcriptome, offering fresh insights 
for advancing epigenetics research.
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Background
Transcriptional regulation, a dynamic and pivotal process, is intricately governed by 
a network of epigenetic modifications [1]. Among these, 5-methylcytosine (5mC) in 
DNA [2], N6-methyladenosine (m6A) in RNA [3] and histone modifications [4] stand 
out as three of the most extensively studied types. 5mC, achieved through the addi-
tion of methyl groups to DNA molecules and often referred to as the “fifth base” of 
DNA [5], plays a fundamental role in unraveling of gene expression, development and 
the underlying mechanisms of disease progression [6, 7]. Conversely, m6A modifica-
tion, extensively studied among RNA modifications, exerts profound effects on gene 
expression [3, 8], RNA stability [9], cell fate determination [10], developmental pro-
cesses [11], and disease pathogenesis [12]. Unlike DNA methylation, RNA methyla-
tion is a dynamic modification sensitive to cellular environment and signaling cues, 
thereby regulating gene expression levels and functions. Recently, crosstalk between 
DNA and RNA modifications has been reported, demonstrating the interaction of 
5mC and m6A methylation that orchestrates sophisticated regulatory networks gov-
erning histone modification and dynamic gene expression patterns [1, 13, 14].

5mC primarily localizes to CpG sites, and in gene promoter regions, this can inhibit 
the binding of transcription factors and suppress gene expression [6, 15]. However, 
emerging evidence suggests that methylation within the gene body promotes tran-
scription and exhibits a positive correlation with gene expression [16, 17]. On the 
other hand, m6A methylation regulates gene expression by influencing various facets 
of mRNA metabolism, including pre-mRNA processing, nuclear export, decay, and 
translation [18]. While m6A methylation exhibits a negative correlation with RNA 
expression in wheat [19], a positive correlation has been observed in Arabidopsis 
[20]. To date, the specific effect pattern of RNA modification within gene bodies or 
promoters on gene expression remains elusive. Recent attention has focused on the 
crosstalk of epigenetic modifications in DNA and RNA and their impact on histone 
modification and gene transcription [1, 13, 14]. A novel regulatory mechanism of 
gene transcription mediated by RNA m6A formation coupled with DNA demethyla-
tion has been reported [1, 14]. Specifically, the RNA m6A reader gene recruits DNA 
5-methylcytosine dioxygenase TET1 to demethylate DNA, leading to reprogrammed 
chromatin accessibility and gene transcription. Despite the crosstalk between spe-
cific genes of RNA and DNA modification on gene expression being shown, the intri-
cate genome-wide interactions among DNA methylation, RNA methylation and gene 
expression remain an intriguing and unanswered question. In this study, we system-
atically elucidate the interaction network of 5mC methylation in gene bodies and 
promoter regions, m6A methylation in gene bodies and promoter regions, and gene 
expression in 24 samples from pregnant cattle and sheep. Employing linear and elas-
tic net regression models, we conduct a comprehensive self-interaction (within the 
same gene) and across-interaction (across genes) network of 5mC methylation, m6A 
methylation and gene expression. This study advances our understanding of genome 
wide dynamics and the complex interaction among DNA methylation, RNA meth-
ylation, and gene expression, offering new perspectives and opportunities to further 
epigenetics research.
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Results
Landscapes of DNA methylation, RNA methylation, and gene expression

To characterize genome-wide DNA 5mC methylation and RNA m6A methylation, we 
conducted whole-genome bisulfite sequencing (WGBS) and methylated RNA immu-
noprecipitation sequencing (MeRIP-seq) on 24 samples consisting of three tissues 
(caruncle, mammary, and spleen) from pregnant cattle (N = 4 per tissue) and sheep 
(N = 4 per tissue) (Fig. 1a, Additional file 1: Fig. S1, and Additional file 2: Table S1). 
The clean bases ranged from 59.70 to 76.25 Gb of each sample from WGBS, which 
were aligned to cattle reference ARS-UCD1.2 and sheep reference ARS-UI_Ramb_
v2.0, respectively. To ensure confidence in the 5mC DNA methylation sites of each 
tissue, sites identified in at least two replicate animals with a sequencing coverage of 
7 × were retained for downstream analysis. In caruncle (car), mammary (mam), and 
spleen (spl) tissues of cattle, 24,266,745; 21,443,055; and 23,524,525 methylated CpGs 
were identified, respectively, while in sheep, 23,087,917; 24,642,311; and 23,581,447 
were identified from four replicates (Fig.  1b, c, Additional file  1: Fig. S2, and Addi-
tional file 2: Table S1).

RNA methylation was captured using m6A-specific antibodies to immunoprecipi-
tate RNA. For each sample, two paired datasets (Immunoprecipitation and input) 
were generated. Samples with clean read sizes greater than 4 Gb and identified peak 
numbers exceeding 5000 and with at least two replicates were retained for down-
stream analysis in cattle and sheep. In cattle, an average of 14,377; 14,339; and 18,698 
peaks were identified in caruncle, mammary, and spleen, respectively, from four rep-
licates. In sheep, 10,295; 5629 (for two animals only) and 19,874 peaks were identified 
in the corresponding tissues (Additional file 1: Fig. S3 and Additional file 2: Table S1). 

Fig. 1  Datasets profiling of three tissues in cattle and sheep. a Tissues and datasets used in this study. b, c 
DNA 5mC methylation sites in caruncle, mammary, and spleen tissues in cattle and sheep. d, e Peak width 
of m6A methylation in of cattle and sheep. f, g Gene expression in three tissues of cattle and sheep. h, i PCA 
cluster of replicates from three tissues in cattle and sheep
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Peak widths ranged from 50 to 1000 bp, with an enriched length around 100 bp in 
both cattle and sheep (Fig. 1d, e).

The RNA sequencing datasets of input samples from MeRIP-seq were utilized to 
measure the gene expression in cattle and sheep. The gene expression (transcripts per 
million, TPM) of caruncle tissue was higher than that in mammary and spleen of both 
species (Fig. 1f, g). Replicates from the same tissues clustered together in principal com-
ponents analysis (PCA) (Fig. 1h, i).

Comparison of DNA and RNA methylation across tissues in cattle and sheep

To explore the distribution patterns of DNA and RNA methylation across tissues, we 
compared 5mC and m6A methylation from each chromosome of caruncle, mammary, 
and spleen in both species. Regarding DNA methylation, the methylation level (ML) of 
5mC in CpG were higher than that of CHG and CHH contexts in all three tissues, but 
the ML of CpG on the X chromosome was lower than that of autosomal chromosomes 
in all three tissues of both species (Fig. 2a, Additional file 1: Fig. S4 and Additional file 2: 
Table S1). Notably, the ML of CpG sites in caruncle was significantly lower than that in 
mammary and spleen tissues. Additionally, RNA methylation exhibited uneven distribu-
tion along chromosomes but was enriched in orthologous regions across all three tissues 
in both cattle and sheep (Fig. 2a and Additional file 1: Fig. S4). Moreover, we identified 
25 regions with similar m6A methylation enrichment, consisting of 617 genes from 
nine orthologous chromosomes (OAR1-BTA3, OAR5-BTA7, OAR11-BTA19, OAR12-
BTA16, OAR14-BTA18, OAR19-BTA22, OAR20-BTA23, OAR21-BTA29, and OAR24-
BTA25), in both cattle and sheep (Fig. 2a, Additional file 1: Fig. S4 and Additional file 3: 
Table S2).

To further compare the distribution of DNA and RNA methylation across functional 
elements in tissues, we analyzed the distribution of 5mC and m6A methylation in 
genomic features, including promoters, 5′UTRs, 3′UTRs, exons, introns, and intergenic 
regions, using the annotation files of reference genomes. Distinct distribution patterns 
were observed for DNA and RNA methylation across genomic features. Approximately 
90% of 5mC methylated sites were found in non-coding regions of the genome (introns 
and intergenic regions) in all three tissues of both cattle and sheep, and the caruncle tis-
sue exhibited the highest distribution of DNA methylation within gene bodies (Fig. 2b 
and Additional file 1: Fig. S5a). In contrast, RNA methylation distributions in the three 
tissues showed clear differences from DNA methylation. The majority of m6A meth-
ylation peaks (89% in cattle and 80% in sheep) were located with coding or regulatory 
regions of genomes (Fig.  2c and Additional file  1: Fig. S5b). Additionally, the motif 
patterns of DNA and RNA methylation were analyzed across 12 samples of cattle and 
sheep. The motifs that exhibited a 100% match with target sequences from 5mC-meth-
ylated sites (± 25 bp) and over 95% match with target sequences from 6 mA methylation 
peaks were extracted (Additional file 4:Table S3). A single RNA m6A motif (RGTVKT-
TADCYTTTDYAC​GTC​ACT) and eight DNA 5mC motifs were consistently identified 
across all samples in both species (Fig. 2d and Additional file 4: Table S3). Motif analysis 
revealed that CGG and CGT are predominantly enriched in DNA methylation (5mC), 
while ACG is preferentially associated with RNA methylation (m6A).
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Tissue‑related DNA, RNA methylation, and expression genes

DNA and RNA methylation and gene expression of genes are known to exhibit tis-
sue specificity, reflecting the intricate regulatory mechanisms underlying biological 
functions. Genes displaying DNA methylation, RNA methylation, or gene expression 
uniquely identified in a single tissue were designated as tissue-related DM, RM, or GE, 
while those lacking such methylation or expression in a single tissue but present in the 
other two tissues were labeled as DNA unmethylation (DUM), RNA unmethylation 
(RUM), or gene non-expression (GNE), respectively. The total number of DM in any rep-
licate was 31, 16, and 20 in caruncle, mammary and spleen, respectively, with 73, 74, and 
74 genes classified as DUM in each tissue (Additional file 1: Fig. S6a). Among these, 3, 2, 
and 2 DM genes were consistently identified in all replicates that was less than the DUM 
gene numbers in the respective tissues (15, 19, and 20) (Additional file 5: Table S4). But 
the number of uniquely identified gene from RM and GE were more than those from 
RUM and GNE, respectively, in all three tissues of cattle (Additional file 5: Table S4). In 

Fig. 2  Comparison of DNA and RNA methylation distribution across three tissues. a DNA and RNA 
methylation along chromosomes in cattle and sheep (A: 5mC methylation level (ML) of CpG in caruncle; 
B: mC ML of CHG in caruncle; C: 5mC ML of CHH in caruncle; D: m6A peak # of 1 Mbp bin in caruncle; 
E–H: mammary; U–Y: spleen; Inner: relationships between cattle and sheep genomes). b, c DNA and RNA 
methylation distribution in genomic features of cattle. d Motifs across all samples in both cattle and sheep
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sheep, tissue-related DNA, RNA methylation, and gene expression also exhibited unique 
identification patterns across three tissues (Additional file 5: Table S4).

To explore the relationship among DNA methylation, RNA methylation and gene 
expression, we analyzed the genes that uniquely identified from DM, DUM, RM, RUM, 
GE, and GNE in each tissue. Interestingly, the consistent genes of these six categories 
were notably enriched in RM & GE and RUM & GNE in all three tissues (Fig. 3a, and 
Additional file 1: Fig. S7). The Jaccard index of overlap genes between RM & GE in the 

Fig. 3  Relationship among DNA methylation, RNA methylation and gene expression. a Tissue-related genes 
from DNA, RNA methylation, and gene expression in caruncle of cattle and sheep. b Hypergeometric test 
for tissue-related gene sets in caruncle of cattle and sheep. c Pairwise association of any two datasets of 
GE, DB, DP, RB, and RP (Gene #: Number of genes categorized by methylation status (M: methylated, UM: 
unmethylated) or expression status (E: expressed, NE: non-expressed); GE ratio: Proportion of expressed 
genes within each subgroup (DB_M, DB_UM, DP_M, DP_UM, RB_M, RB_UM, RP_M, RP_UM). Slope direction 
indicates the correlation pattern for the same methylation type (e.g., RB_M vs. RB_UM). A higher GEratio in 
RB_M compared to RB_UM suggests a positive correlation between RNA methylation with gene bodies and 
gene expression, and the steeper slope represents a stronger correlation. DBratio, DPratio, RBratio, RPratio: 
Similar metrics used to assess associations in other categories). d Relationships of DB, DP, RB, RP and GE in 
three tissues of cattle
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caruncle, mammary, and spleen were substantially higher than those in DM/DUM&GE/
GNE (Additional file 6: Table S5). And the hypergeometric test comparing any two gene 
sets revealed that the combinations GE&RM (p = 4.8E − 64 in cattle and 5.2E − 99 in 
sheep) and GNE&RUM (p = 3.2E − 07 in cattle and 3.0E − 17 in sheep) were statisti-
cally significant in both species (Fig. 3b). These findings suggest that RNA methylation 
is more strongly associated with gene expression than DNA methylation, and positively 
relates to gene expression. We further compared the tissue-related genes between cattle 
and sheep. There were 8 consistent genes (ARSI, CDX2, GCM1, HAND1, HIC2, PAG6, 
SATB2 and SCNN1 A) in the RM & GE category of caruncle from both species (Addi-
tional file 5: Table S4). Six of these genes are known to be involved in placenta expression 
or embryonic development [21–26], with PAG6 specifically expressed in the placenta of 
ruminants and utilized for pregnancy diagnosis [25]. Additionally, we observed 4 and 16 
consistent tissue-related genes in mammary and spleen, respectively (Additional file 5: 
Table S4).

Relationship among DNA methylation, RNA methylation, and gene expression

To further evaluate the relationship of DNA, RNA methylation, and gene expression for 
all genes in cattle and sheep, we analyzed DNA methylation within gene bodies (DB) 
and promoters (DP), RNA methylation within gene bodies (RB) and promoters (RP), as 
well as gene expression (GE) for each gene. Each gene was categorized as methylated 
(M) or unmethylated (UM) in methylation datasets (DB, DP, RB, and RP) and the gene 
expression ratio (GEratio) was calculated by the number of expressed genes over the 
total number of genes for each state in DB, DP, RB, and RP datasets. The calculations of 
DBratio, DPratio, RBratio, and RPratio were similar with GEratio.

The preliminary relationship among DB, DP, RB, RP, and GE, was assessed through 
pairwise associations for any two datasets. The results indicated that when examin-
ing methylation in gene bodies or promoters, genes with 5mC methylation but with-
out m6A RNA methylation were predominant, with fewer promoter regions exhibiting 
RNA methylation. The proportions of expressed and non-expressed genes were roughly 
equivalent across all samples of both species (Fig. 3c and Additional file 1: Fig. S8, Addi-
tional file 7: Table S6). GEratio was positively associated with DB, RB, and RP across all 
samples of cattle. Notably, RNA methylation had a stronger influence than DNA meth-
ylation on gene expression (Fig. 3c and Additional file 7: Table S6). DBratio was posi-
tively associated with DP and GE, while negatively associated with RP in cattle (Fig. 3c 
and Additional file 7: Table S6). DPratio was positively associated with DB (Fig. 3c and 
Additional file 7: Table S6). RBratio was positively associated with RP and GE. RPratio 
was positively associated with RB as well, while negatively associated with DB in cattle 
(Fig. 3c and Additional file 7: Table S6). Similar results were observed in sheep (Addi-
tional file  1: Fig. S8 and Additional file  7: Table  S6). These findings suggest that RNA 
methylation has a more significant impact on gene expression than DNA methylation. 
Additionally, the effect of gene expression on DNA methylation or RNA methylation 
was crucial, confirming that the methylation levels of certain genes are influenced by the 
transcription of DNA methyltransferase or RNA methyltransferase genes [27].

To further quantify the effects of DB, DP, RB, and RP on GE, we calculated the coef-
ficients and significant factors from DB, DP, RB, and RP associated with GEratio using 
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a linear regression model. The quantification model was also similarly applied to DBra-
tio, DPratio, RBratio, and RPratio. Subsequently, a network of these five datasets was 
constructed in each of the three tissues. The results revealed that (1) GE was positively 
impacted by DB, RB, and RP in all three tissues of cattle (Fig. 3d and Additional file 8: 
Table S7), (2) the effect between the same type of methylation in gene-body and promo-
tor (DB and DP, RB and RP) was positive, but the interaction between gene-body and 
promoter across different types of methylation (DB and RP, RB and DP) was negative 
(Fig.  3d and Additional file  8: Table  S7), and (3) two significant correlations (DB and 
DP, RB and GE) were observed in all three tissues, and RB and GE displayed extreme 
association, indicating the effect of RNA methylation on gene expression was higher 
than that of DNA methylation (Fig. 3d and Additional file 8: Table S7). Similar results 
were also observed in sheep (Additional file 1: Fig. S9 and Additional file 8: Table S7). 
These quantitative findings are highly consistent with our qualitative results from tissue-
related genes analysis.

Interaction network of DNA methylation, RNA methylation, and GE across genes

The analysis of self-interaction (within the same gene) among DB, DP, RB, RP, and GE 
provided further insights into the impact of DNA methylation and RNA methylation 
on gene expression within gene body and promoter regions for each gene. In cattle, 
a total of 7566 genes were found to have significant associations with DB (4493), DP 
(2616), RB (3666), and RP (369). Similarly, in sheep, 6209 genes exhibited significant 
associations with these factors (Fig. 4a, Additional file 1: Fig. S10, and Additional file 9: 

Fig. 4  Self- and across- interaction of genes from DNA, RNA methylation and gene expression. a Positive and 
negative association of DB, DP, RB, and RP on GE in cattle. b Distribution of self-interaction gene in DB, DP, 
RB, and RP associated with GE. c Distribution of p-values in the association of DB, DP, RB, and RP on GE, and 
Cohen’s d metric across four associations in cattle. d Across-interaction compounds of the effects of DB, DP, 
RB, and RP on GE. e Interaction network of GCM1 and ARSI genes
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Table S8). Among these genes, 4652; 2291; 582; and 41 were impacted by any one, two, 
three, or four factors of DB, RB, DP, and RP, respectively (Fig. 4b and Additional file 9: 
Table  S8). Notably, approximately 62% of expressed genes were associated with DNA 
and RNA methylation in gene-body (DB: 1966; RB: 1729; both DB and RB: 974) (Fig. 4b). 
The p-values of RB and DB were lower than those of RP and DP, and Cohen’s d met-
ric showed that RB exhibited the greatest difference (0.43 in cattle and 0.21 in sheep) 
(Fig. 4c and Additional file 1: Fig. S10b). This suggested that RB has the most significant 
p-value associated with GE. Furthermore, the direction of effect of DB, DP, RB, and RP 
on GE was categorized. While DB and DP showed slightly different proportions of posi-
tive (44% and 46.33%) and negative (56.09% and 53.67%) effects on GE, RNA methylation 
(RB and RP) predominantly exhibited positive effects on GE, accounting for 97.19% and 
91.33% of RB (3563) and RP (337), respectively (Additional file 9: Table S8). Additionally, 
we identified high correlations for self-interaction among DB, DP, RB, and RP on GE 
examining the r2 value larger than 0.9. A total of 226 gene self-interactions of DB (25), 
DP (7), RB (176), and RP (18) on GE were observed, with most effects of gene in DB (18), 
RB (175), and RP (18) being positively with GE. Particularly, 99% of RNA methylation 
(RB and RP) exhibited a positive effect on GE (Fig. 4a and Additional file 9: Table S8). 
Similar results were observed in sheep as well (Additional file 1: Fig. S10a and Additional 
file 9: Table S8). Interestingly, 15 overlapping genes were identified with RNA methyla-
tion in gene-bodies affecting GE in both cattle and sheep (Additional file 10: Table S9). 
Nine of these genes were tissue-related genes (caruncle: ARSI and GCM1; spleen: 
CERKL, MARCO, P2RY8, PRDM16, RAB37, SPIC, TNFRSF13 C) identified in qualita-
tive results. These findings indicated that DNA methylation and RNA methylation in the 
gene-body were more likely to affect gene expression than those in the promoter, with 
RNA methylation showing a significant positive association with GE, consistent with 
previous quantitative and qualitative results.

To further demonstrate the entire interaction network of DB, DP, RB, RP, and GE 
across genes, we constructed the across-interaction (across genes) of DNA methyla-
tion, RNA methylation and gene expression. In cattle, there were 16,637; 14,605; 10,364; 
40,392; and 3234 across-interactions, which involved 1851; 5567; 681; 1560; and 363 
target genes, in GE, DB, DP, RB, and RP from cattle, respectively (Additional file  11: 
Table S10). The frequency of across-interaction along target genes in GE, DB, DP, RB, 
and RP indicated that most target genes had unique across-interaction (Fig.  4d and 
Additional file  1: Fig. S10 g-j). Genes with RB were the major contributors to across-
interactions of GE (Fig. 4d), while genes with DP and DB exhibited high contributions 
to each other (Additional file 1: Fig. S10 g and h). For RP genes, RB and GE were the 
primary contributors to across-interaction. Similarly, RP and GE were the dominant 
factors influencing across-interaction for RB genes (Additional file 1: Fig. S10 i and j). 
These results were consistent with the previous conclusion that the same type of meth-
ylation tends to have a greater impact than external interaction between different types 
of methylation data, and RNA methylation was strongly associated with gene expres-
sion. Furthermore, we compared the across-interactions between cattle and sheep, iden-
tifying a total of 1062 consistent across-interaction (GE: 209, DB: 72, DP: 7, RB: 753, 
and RP: 21) in both species (Additional file 12: Table S11). The caruncle tissue-related 
genes ARSI and GCM1, identified in previous self-interactions, also demonstrate the 
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across-interaction of DNA, RNA methylation and gene expression. A total of 65 across-
interactions involving these two genes were extracted from the 1062 interactions (Addi-
tional file  13: Table  S12). Interestingly, the across-interactions of these two genes also 
included their self-interactions (GE:ARSI-RB:ARSI and GE:GCM1-RB:GCM1), and they 
involved 22 genes, which included all 6 caruncle-related consistent genes identified in 
the tissue-related relationship between RNA methylation and gene expression (Fig. 4e 
and Additional file 13: Table S12). Among them, gene expression of SCNN1 A, SATB2, 
HIC2, HAND1, DBNDD1, and CDX2 positively regulated the RNA methylation level of 
ARSI and GCM1. Additionally, six other genes (ACOT11, DLX6, GCGR​, MAPK4, PRP2, 
and TRIM71) were impacted by RB of ARSI and GCM1. The gene expression of ARSI 
and GCM1 were both associated with RNA methylation of SLC39 A2, CLDN4, NAV2, 
SFXN1, and themselves. Furthermore, five other genes (PAG6, TMEM139, SLC4 A5, 
PAGE4, and SLC39 A2) were connected and impacted the RNA methylation of ARSI 
and GCM1 (Fig. 4e). Notably, PAGE4 and PAG6 are important pregnancy-related genes, 
exhibiting the highest coefficients of across-interaction in both cattle and sheep (Addi-
tional file 13: Table S12).

Pregnancy‑related interaction of DNA methylation and gene expression in cattle

Our results prompted further questions concerning the potential impact of pregnancy 
and the interaction of DNA methylation and GE. Ideally, this analysis would take place 
with tissues derived from pregnant and non-pregnant animals with controlled environ-
mental conditions, but such conditions were unattainable for the same animal. Here, we 
collected three replicates of WGBS and RNA-seq data from non-pregnant female mam-
mary tissue of Holstein cattle [28] (Additional file  14: Table  S13) and compared them 
with pregnant mammary tissue, knowing that environmental conditions, may be influ-
encing the results. However, it is important to emphasize that if genuine pregnancy-
related interactions between DNA methylation and GE exist, they would undoubtedly be 
captured in the results.

A total of 19,881,219 DNA methylation sites, involved 29,212 methylated genes, were 
identified from WGBS datasets of three replicates in non-pregnant cattle (Fig. 5a and 
Additional file 1: Fig. S11a). The overlap of methylated sites and PCA of gene expressions 
between pregnancy and non-pregnant samples both qualified the downstream analy-
sis (Additional file 1: Fig. S11b and c and Fig. 5b). Six hundred sixty seven methylated 
genes and 3111 expressed genes were uniquely identified in pregnant animals (Fig. 5c, 
d), with 414 of 667 and 641 of 3111 being uniquely identified in all four replicates (Addi-
tional file 15: Table S14). The relationship among DB, DP, and GE from all genes in non-
pregnant cattle were similar to that in pregnant animals, with DB positively associated 
with DP and GE, while DP was negatively associated with GE in non-pregnant animals 
(Fig. 5e, Additional file 1: Fig. S11 d and e). For the self-interaction of DB and DP on 
GE in each gene, 204 self-interactions of DB and DP on GE with r2 ≥ 0.9 were identi-
fied (Additional file  1: Fig. S11f and Additional file  16: Table  S15). To further identify 
pregnancy-related self-interactions, we retained the self-interaction with the deviation 
(TPMpreg-TPMreg) ≥ 10. A total of 47 highly differential self-interactions, involving 
44 genes, were identified (Additional file 16: Table S15). Nine of these genes (GREM1, 
IL17D, GSTA4, ABI3BP, ACAP2, HEG1, MAPK9, PODXL, RAB13, SEC63, UBE4 A, and 
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ZEB2) have been previously associated with pregnancy or embryonic development in 
human or animals [29–31]. Interestingly, among the 44 genes, three expressed genes 
(GREM1, PODXL, and SEC63) were impacted by both DB and DP in self-interaction. All 
three genes were related to pregnancy. For GREM1 and PODXL, both DB and DP were 
negatively associated with GE, while in SEC63, DB was positively associated with GE 
(Fig. 5f ). Notably, the gene IL17D, shares a gene family with IL-17 A in humans, has been 
documented to play a pivotal role in establishing pregnancy [32, 33]. The expression of 
IL17D was positively impacted by DP (Fig. 5f ).

Discussion
In eukaryotes, the DNA 5mC modification is widely distributed throughout the 
genome [34], and RNA m6A modification stands out as the most abundant epitran-
scriptome modification [8, 35]. Decades of research have solidified DNA and RNA 
methylation as critical regulatory mechanisms in gene expression [1, 14, 36]. How-
ever, the global landscapes of interaction network involving DNA 5mC methylation, 
RNA m6A methylation, and gene expression have rarely been documented compre-
hensively. In this study, we conducted a systematic and comprehensive analysis to 
assess the interaction of 5mC, m6A, and gene expression using a stepwise analyti-
cal framework through both qualitative and quantitative assessments. The qualita-
tive evaluations included tissue-related methylated and expressed genes (Fig.  3a,b), 
and pairwise correlations (Fig. 3c). The quantitative assessments involved construct-
ing genome-wide interaction network of DNA methylation (DB, DP), RNA methyla-
tion (RB, RP), and gene expression (GE) for each tissue (Fig. 3d), as well as self- and 
across-interaction network for genes (Fig.  4) in cattle and sheep. The findings from 
all assessments of both species consistently demonstrated that RNA methylation 
exerts a stronger influence on gene expression compared to DNA methylation, with a 

Fig. 5  Comparisons of nonpregnant and pregnant DNA methylation and gene expression data. a 
Methylated sites in mammary tissue of non-pregnant (reg.) and pregnant (pre.) samples. b Methylated 
genes in non-pregnant and pregnant samples. c Assessment of RNA-seq data. d Expressed genes in 
non-pregnant and pregnant samples. e Pairwise relationship between DNA methylation and RNA expression 
in non-pregnant samples. f Self-interaction of GREM1, PODXL, SEC63, and IL17D genes
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significant positive association. Notably, methylation in gene bodies had a more pro-
nounced effect on gene expression than that in promoters. Furthermore, we proposed 
the establishment of self- and across-interaction networks among DB, DP, RB, RP, and 
GE by employing linear and elastic net regression models. This approach not only 
expands the knowledge of the regulatory crosstalk between the epitranscriptome and 
the epigenome, but also provides valuable methodological references for comprehen-
sive genome-wide analysis of interactions among multiple omics datasets.

The intricate interaction among DNA methylation, RNA methylation, and gene 
expression regulation is essential for orchestrating biological processes [7, 12, 37]. Meth-
ylation in different genomic regions may exert diverse influences on gene activities [38]. 
Conventionally, it is believed that DNA 5mC methylation in gene-bodies increases gene 
expression, while in promoters, it reduces gene expression [16, 39]. However, some 
investigations have proposed contrasting discoveries, suggesting that DNA methylation 
is negatively associated with transcription in gene bodies but positively in promoters 
[17, 40]. This study further elucidated the effect of 5mC in gene bodies and promoters 
on gene expression for specific genes (Fig. 4a, b). Consistent with previous findings, we 
identified both positive and negative relationships between gene expression and DNA 
methylation in gene bodies and promoters. Moreover, we identified several genes with 
opposite effects, indicating a complex and dynamic relationship between DNA meth-
ylation and the transcription of functional genes in mammals. Furthermore, we exam-
ined the impact of RNA methylation in gene bodies and promoters on gene expression 
(Fig. 4a, b). Our study obtained notable additional findings: (1) In both cattle and sheep, 
we identified genes that were consistently methylated with m6A and expressed, as well 
as genes that were unmethylated and not expressed (Fig. 3a, b). This qualitative analysis 
underscores that RNA methylation has a stronger association with gene expression than 
DNA methylation. (2) The slopes of the GEratio are steeper in RB and RP compared to 
DB and DP (Fig. 3c), providing quantitative confirmation of the positive effect of RNA 
methylation on gene expression. This effect is notably stronger than DNA methylation; 
and (3) the positive self-interactions between RB and GE constitute 97.19% (3563), and 
those between RP and GE make up 91.33% (337) of their respective total interactions 
(Fig. 4a). The across-interaction involving DB, DP, RB, and RP on GE reveal that RB-GE 
and RP-GE are the predominant across-interactions (Fig. 4d). The above results clearly 
demonstrate that RNA methylation has a more substantial impact on gene expression 
than DNA methylation and show a positive association with gene expression. Further-
more, regarding the interaction between DNA methylation and RNA methylation, 
recent studies have investigated a regulatory mechanism in which RNA m6A reader 
recruits DNA 5-methylcytosine dioxygenases to demethylate DNA [13, 14], leading to 
reprogrammed chromatin accessibility and gene transcription. Our findings indicate 
that the interaction effects between gene-body and promoter methylation across differ-
ent methylation types (DB and RP, RB and DP) were negative (Fig. 3d and Additional 
file  18: Table  S7). This further suggests that DNA methylation and RNA methylation 
may have distinct functional mechanisms in different gene regions. The refined conclu-
sion from this study not only complements but also extends previous research [14, 19, 
20, 41]. These insights are poised to have a substantial impact on the dynamic regulation 
of the epigenome and epitranscriptome on gene expression.
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In this study, we collected a physiologically specific tissue, the caruncle, during preg-
nancy in both cattle and sheep. To our knowledge, there have been no previous stud-
ies investigating the interactions among DNA methylation, RNA methylation, and gene 
expression specifically in caruncle tissue. Interestingly, our analysis revealed interactions 
between DNA or RNA methylation and gene expression in genes related to caruncle tis-
sue and pregnancy. We identified a total of 8 caruncle-related genes (Additional file 5: 
Table S4), including ARSI, which exhibits preferential expression in placenta, embryonic 
cell, and the eye [21]. Another gene, CDX2, serves as a master homeodomain protein 
defining trophectoderm during development [22]. Additionally, Glial cells missing-1 
(GCM1), a transcription factor crucial for proper placentation in mice and expressed in 
binucleate cells in the cattle placenta, that is highly expressed in human syncytiotropho-
blasts (ST) and extravillous trophoblasts (EVTs) [23]. HAND1, expressed in uninucle-
ate trophoblasts in the bovine placenta [42], plays a role in the differentiation of human 
trophoblast stem cells into syncytiotrophoblast cells [26]. Furthermore, HIC2, involved 
in developmental hemoglobin switching, is highly expressed in fetal cells and contrib-
utes to embryonic cardiovascular development [24]. Finally, PAG6, a pregnancy-associ-
ated glycoprotein, plays a vital role in the maintenance and progression of pregnancy in 
ruminants [25]. These genes were also identified in self-interactions of DB, DP, RB, RP, 
and GE (Additional file 9: Table S8). Despite variations in genetic backgrounds among 
non-pregnant and pregnant samples and the susceptibility of methylation and gene 
expression to environmental influences, we still identified nine pregnancy-related genes 
(Additional file 16: Table S15), including GREM1 [29], IL17D [43], GSTA4 [44], ACAP2 
[45], HEG1 [46], MAPK9 [47], PODXL [31], SEC63 [30], and ZEB2 [48], which have been 
reported to be associated with pregnancy or embryonic development in human or ani-
mals. Furthermore, all three expressed genes (GREM1, PODXL, and SEC63), impacted 
by both DB and DP in self-interaction, were highly confirmed to be associated with 
pregnancy [29–31]. The gene IL17D, which belongs to the same gene family as IL-17 A 
in humans, has been documented to exert a pivotal role in establishing pregnancy [32, 
33]. Understanding the landscape interaction among DNA 5mC, RNA m6A methyla-
tion, and gene expression sheds light on the complex regulatory mechanisms underlying 
cellular physiology. The identified caruncle and pregnancy-related genes warrant further 
experimental validation and exploration of their biological functions, including their 
roles in developmental biology and regenerative medicine.

In mammals such as cattle and sheep, pregnancy and lactation represent natural and 
essential physiological states, closely tied to their reproductive and metabolic processes. 
Studying these states provides valuable insights into how epigenomic mechanisms regu-
late gene expression during critical life stages. To enhance the broader applicability of 
our findings, we also analyzed DNA methylation, RNA methylation, and gene expres-
sion dataset from non-pregnant sheep with coarse and fine wool traits. These datasets 
were obtained from two published studies on the same animals from the same labora-
tory [49, 50], under project numbers PRJNA760832 and PRJNA760789. In the fine-wool 
sample, we identified 14,871,314 DNA 5mC methylation CpG sites, 26,579 RNA m6A 
methylation peaks, and 14,997 expressed genes. In the coarse-wool sample, the corre-
sponding numbers were 12,965,907, 24,493, and 14,400, respectively (Additional file 1: 
Fig. S12a, Additional file  17: Table  S16). The m6A peak widths ranged from 0 to 500 
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bp, with most being less than 250 bp (Additional file 1: Fig. S12b). Gene expression pat-
terns were highly similar between the fine- and coarse-wool samples (Additional file 1: 
Fig. S12c), resembling those observed in pregnant sheep. Furthermore, we calculate the 
GEratio based on the gene with methylation (M) or without methylation (UM) in gene 
bodies (DB), promoters (DP), RNA methylation in bodies (RB), and promoters (RP). 
The regression model was applied to assess the coefficients and R2 values for the effects 
of DB, DP, RB, and RP on gene expression. The results indicated that gene body and 
promoter methylation were predominantly composed of 5mC DNA methylation, with 
fewer RNA methylation events observed in promoter regions (Additional file 1: Fig. S12 
d, Additional file 17: Table S16). The GE ratio was positively associated with DB, RB, and 
RP, but negatively correlated with DP in both fine- and coarse-wool samples. Notably, 
RNA methylation exerted a significant stronger influence on gene expression than DNA 
methylation (Additional file 1: Fig. S12e, Additional file 17: Table S16). Importantly, the 
findings observed in pregnant animals were consistently recapitulated in non-pregnant 
sheep, providing a more comprehensive analysis across distinct physiological conditions. 
By integrating data from both pregnant and non-pregnant sheep, our study enhances the 
generalizability of the results and captures a broader spectrum of epigenetic and tran-
scriptional dynamics.

Studies have characterized that methylation levels of DNA or RNA are regulated by 
specific methyltransferase and demethylase genes. RNA m6A methylation is catalyzed 
by methyltransferase complexes such as METTL3 [1], METTL14 [51], ZC3H13 [52], and 
others, while m6A removal is mediated by demethylases such as ALKBH5 [53]. Similarly, 
DNA 5mC methylation involves methyltransferase like DNMT3 A [54] and demethylases 
like TET1 [55]. The expression of methyltransferase or demethylase genes theoretically 
leads to high or low methylation levels. In this study, we extracted 62 annotated DNA 
and RNA methyltransferase and demethylase genes from cattle genome annotation file 
(Additional file 18: Table S17) and investigated their across-interaction between meth-
ylation level of DB, DP, RB, RP, and GE. The expression of six genes (HNMT, NSUN4, 
TET1, TET3, METTL7 A, METTL7B, and METTL27) impacted the methylation level of 
DNA methylation and RNA methylation. Notably, TET1 and TET3 were negatively asso-
ciated with DNA methylation in gene bodies, and TET1 was positively associated with 
RNA methylation (Additional file  1: Fig. S13). All these findings were consistent with 
previous research [1, 56]. Interestingly, METTL7 A and METT7B exhibited opposite 
effects on DNA methylation (Additional file 1: Fig. S13). In previous studies, METTL7 A 
had been found to be under-expressed, whereas METTL7B was over-expressed in can-
cer aggressiveness and progression [57]. Additionally, METTL7B expression showed a 
significant negative correlation with METTL7B DNA methylation [27], while METTL7 
A overexpression altered the methylation status of related genes to favor osteogenic dif-
ferentiation and cell survival [58]. The findings in our study strongly align with existing 
research, bolstering the reliability of our results. Furthermore, the genome-wide identi-
fication of interaction networks among DNA methylation, RNA methylation, and gene 
expression fill a critical gap in experimental research and offers valuable computational 
insights for uncovering novel interactions to further investigate.

We selected the linear regression framework for its ability to capture direct associa-
tions between methylation and gene expression while maintaining interpretability. 
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Although alternative models, such as generalized linear models (GLM) or nonlinear 
approaches, were considered, they were not employed due to the relatively small sample 
size (n = 12), which limits the robustness of high-dimensional modeling. Biological pro-
cesses, especially those involving complex regulatory mechanisms like DNA and RNA 
methylation and gene expression, may indeed exhibit nonlinear interactions. In future 
studies, with larger sample sizes, more advanced nonlinear models, such as deep learn-
ing techniques or other artificial intelligence-based approaches, could be employed to 
better capture these intricate and dynamic relationships. Additionally, while our study 
provides important insights into the correlations and interactions between DNA meth-
ylation, RNA methylation, and gene expression, functional validation of the identified 
genes and pathways remains an essential next step. Future research should incorporate 
experimental validation to directly assess the biological impact of these regulatory ele-
ments. These future directions will strengthen the biological relevance of our findings 
and provide deeper mechanistic insights into the functional roles of DNA and RNA 
methylation in gene regulation.

Conclusions
The qualitative evaluations of tissue-related methylated and expressed genes, along with 
the quantitative assessments of genome-wide interaction networks of DNA methyla-
tion (DB, DP), RNA methylation (RB, RP), and gene expression (GE) for tissues, as well 
as self- and across-interaction networks for genes, were conducted in cattle and sheep 
to assess the relationships of 5mC, m6A, and gene expression. The findings from both 
species consistently demonstrated that RNA methylation has a stronger influence on 
gene expression compared to DNA methylation, with a significant positive association. 
Notably, methylation within gene bodies had a more pronounced effect on gene expres-
sion than methylation within promoters. Furthermore, we proposed linear and elastic 
net regression models to establish self- and across-interaction networks among DB, DP, 
RB, RP, and GE. These models are applicable for decoding the relationships among DNA 
methylation, RNA methylation, and gene expression in other species. This data and the 
developed models enhance our understanding of genome-wide dynamics and the com-
plex associations among DNA methylation, RNA methylation, and gene expression, 
offering new perspectives and opportunities to advance epigenetics research.

Methods
Animals and tissues collection

Tissues were collected from two species of healthy adult pregnant cattle and sheep 
as approved by the University of Idaho Institutional Animal Care and Use Commit-
tee (IACUC) with number IACUC-2020–58 for sheep and IACUC-2021–21 for cat-
tle. Caruncles (manually separated from cotyledons but may have cotyledonary tissue 
carryover and be more representative of placentome), mammary glands, and spleens 
were collected from four healthy adult Hereford and four Suffolk (14 months old). Small 
pieces of all 24 tissues were collected within 30 min postmortem, briefly rinsed with ice 
cold 1 × PBS, and promptly snap frozen in liquid nitrogen. Samples were transferred 
from liquid nitrogen directly into a − 80 °C freezer for storage until use.
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DNA 5mC Library construction and sequencing

DNA extracted from these tissues was subjected to agarose gel electrophoresis to test 
for DNA degradation and potential RNA contamination. The DNA was then quantified 
using a Nanodrop spectrophotometer (NanoDrop Technologies, Rockland, DE, USA) 
and a Qubit2.0 fluorometer (Life Technologies, Carlsbad, CA, USA). Lambda phage 
DNA was spiked in as a negative control for DNA methylation. Since lambda phage 
DNA lacks DNA methylation, all the cytosines in its DNA should be converted to ura-
cil during bisulfite conversion. Any unchanged cytosine in the lambda phage DNA can 
thus be used to determine the efficiency of bisulfite conversion. For library construc-
tion, DNA samples were fragmented into 200–400 bp using sonication (Covaris S220, 
Woburn, MA, USA). Next, end repair, A-ligation, and methylation sequencing adapter 
ligation was performed. Following this, the DNA library was subjected to bisulfite treat-
ment (EZ DNA Methylation Gold Kit, Zymo Research, Irvine, CA, USA). Library con-
centration was first quantified by Qubit2.0, diluted to 1  ng/μl before checking insert 
size on Agilent 2100 (Agilent Technologies, Santa Clara, CA, USA), and quantified with 
more accuracy by quantitative PCR (effective concentration of library > 2 nM). Libraries 
were then pooled per sample and sequenced paired-end reads from Illumina HiSeq X 
Ten platform.

RNA m6A immunoprecipitation and sequencing

Total RNA was isolated and purified using TRIzol reagent (Invitrogen, Carlsbad, CA, 
USA) following the manufacturer’s procedure. The RNA amount and purity of each sam-
ple was quantified using NanoDrop ND-1000 (NanoDrop, Wilmington, DE, USA). The 
RNA integrity was assessed by Bioanalyzer 2100 (Agilent, CA, USA) with RIN number 
> 7.0, and confirmed by electrophoresis with denaturing agarose gel. Approximately 
more than 1 μg of total RNA was fragmented into small pieces using Magnesium RNA 
Fragmentation Module (NEB, cat.e6150, USA) at 94℃ for 5 min. Then the cleaved RNA 
fragments (including rRNA fragments) were incubated with m6A antibody-dynabead 
compounds. Then the IP RNA was reverse-transcribed to create the first-strand cDNA 
by SMARTScribe™ Reverse Transcriptase (CloneTech, cat.634414, Japan) which were 
next used to add adapter and synthesize second-stranded DNAs with PCR by the fol-
lowing conditions: initial denaturation at 94℃ for 1 min; denaturation at 98℃ for 15 s, 
annealing at 55℃ for 15 s, and extension at 68℃ for 30 s; and then final extension at 68℃ 
for 2 min (5 cycles). Then the amplified DNA-seq library was purified by immobiliza-
tion onto pure beads. The cDNA sequences originating from rRNA reverse transcription 
were cut by ZapR v2 and R-Probes v2 (for mammal) under the condition: incubation at 
72℃ for 2 min, 4℃ for 2 min, 37℃ for 1 h, 72℃ for 10 min. The final library was ampli-
fied by second round PCR which consistent with the first round PCR program, and the 
number of PCR cycles increased to 12–16. Finally, 2 × 150 bp paired-end reads (PE150) 
were sequenced from Illumina Novaseq™ 6000.

DNA 5mC and RNA m6A methylations analysis

The quality of raw sequences from whole-genome bisulfite sequencing (WGBS) was 
assessed using FastQC v0.11.5 (https://​www.​bioin​forma​tics.​babra​ham.​ac.​uk/​proje​cts/​
fastqc). Adapters and low-quality bases (phred score < 20) were trimmed using Trim 

https://www.bioinformatics.babraham.ac.uk/projects/fastqc
https://www.bioinformatics.babraham.ac.uk/projects/fastqc
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Galore v0.4.5 with default parameters (https://​www.​bioin​forma​tics.​babra​ham.​ac.​uk/​
proje​cts/​trim_​galore). Cleaned data for each sample were aligned to the reference 
genomes of cattle (ARS-UCD1.2) [59] and sheep (ARS-UI_Ramb_v2.0) [60] using Bow-
tie2 aligner within BSseeker2 v2.1.8 [61, 62]. Duplicate reads in the alignment bam files 
were then marked and removed by MarkDuplicates of Picard v2.25.4 (http://​broad​insti​
tute.​github.​io/​picard), and methylation sites and methylation level (ML) for each cyto-
sine were determined using BSseeker2 with bs_seeker2-call_methylation.py. To ensure 
confidence in the 5mC DNA methylation sites in each tissue, sites identified in at least 
two replicate animals with a sequencing coverage of 7 were retained for downstream 
analysis (Additional file  1: Fig. S1). Regarding m6A methylation, raw reads containing 
adaptor contamination, low-quality bases, and undetermined bases were filtered using 
fastp v0.22.0 (https://​github.​com/​OpenG​ene/​fastp). The quality of sequences from IP 
and input samples was verified and controlled using FastQC and RseQC (http://​rseqc.​
sourc​eforge.​net). HISAT2 v2.2.1 was then used to align reads to the reference genomes 
of cattle and sheep [63]. Peaks from each sample were called using exomePeak2 v1.14.3 
(https://​github.​com/​ZW-​xjtlu/​exome​Peak2) with “whole genome” mode. Samples with 
clean read sizes greater than 4 Gb and identified peak number exceeding 5000, with at 
least two replicates, were retained for downstream analysis in both cattle and sheep. 
Transcripts per million (TPM) values, used to measure expression levels for all genes 
from input samples, were calculated using StringTie v2.2.0 [64]. A TPM value of 0.5 
was used as the baseline expression threshold for genes of samples, following the Euro-
pean Bioinformatics Institute (EBI)’s guidelines (https://​www.​ebi.​ac.​uk/​gxa/​FAQ.​html). 
Principal component analysis (PCA) of gene expressions across samples was conducted 
using R package scatterplot3 d [65].

Comparison of DNA and RNA methylation across tissues

The comparisons of CpG, CHG, and CHH methylation levels from WGBS and 6  mA 
peaks from MeRIP-seq were plotted by each 1 Mb bin using Circus v0.69–8 [66]. The 
average ML of CpG, CHG, and CHH in each bin was calculated for 5mC methylation, 
and the number of peaks in each bin was calculated for m6A methylation across tissues. 
Consistent orthologous regions were identified from the aligned sequences between cat-
tle and sheep using nucmer of MUMmer v4.0.0rc1 [67]. Enriched regions of RNA meth-
ylation were isolated based on the presence of more than 14 m6A peaks in a bin across 
all three tissues. Additionally, the distribution of 5mC and 6 mA within genomic features 
along chromosomes was meticulously analyzed using R packages GenomicFeatures [68] 
and ChIPseeker [69]. The motif patterns of DNA 5mC methylation and RNA m6A meth-
ylation were detected using findMotifsGenome.pl from Homer v4.10.4 [70].

Qualitative assessment of tissue‑related genes: DNA, RNA methylation, and gene 

expression

Genes displaying DNA methylation, RNA methylation, or gene expression uniquely 
identified in a single tissue were designated as tissue-related DM, RM, or GE, while those 
lacking such methylation or expression in a single tissue but present in the other two tis-
sues were labeled as DNA unmethylation (DUM), RNA unmethylation (RUM), or gene 
non-expression (GNE), respectively. To explore high-confidence genes that are unique to 

https://www.bioinformatics.babraham.ac.uk/projects/trim_galore
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore
http://broadinstitute.github.io/picard
http://broadinstitute.github.io/picard
https://github.com/OpenGene/fastp
http://rseqc.sourceforge.net
http://rseqc.sourceforge.net
https://github.com/ZW-xjtlu/exomePeak2
https://www.ebi.ac.uk/gxa/FAQ.html
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each tissue, we selected genes that uniquely identified in all four replicates within each 
tissue. We then assessed the overlap genes from all pairwise combinations of DM, DUM, 
RM, RUM, GE, and GNE using the jaccard index [71] and hypergeometric test [72]:

where Gi and Gj are the gene cluster of the ith and jth conditions (DM, DUM, RM, 
RUM, GE, and GNE), respectively. N is the total number of genes, n and K and the sizes 
of the gene sets Gi and Gj, and k is the number of intersecting genes between the sets Gi 
and Gj.

Relationship among DNA methylation, RNA methylation and gene expression

DNA methylation in gene-body (methylation within gene) and promoter (methyla-
tion within the upstream 0–2000 bp region of gene) were categorized as two groups: 
DB and DP, respectively. Similarly, RNA methylation was categorized as RB and RP 
for gene-body and promoter, while gene expression was marked as GE. For each cat-
egory (DB, DP, RB, RP, and GE) could be further divided into two subgroups: methyla-
tion and unmethylation (DB_M and DB_UM, DP_M and DP_UM, RB_M and RB_UM, 
RP_M and RP_UM) or expression and non-expression (GE and GNE). Pairwise asso-
ciation between GE and methylation categories were assessed using the gene expression 
ratio (GEratio), calculated as the number of expressed genes divided by the total num-
ber of genes in each methylation subgroup. For instance, when examining the associa-
tion between GE and DB, GEratio was calculated separately for the DB_M and DB_UM 
subgroups. Similar calculations were performed for the associations between GE and 
the other three methylation categories (DP, RB, and RP). To globally quantify the rela-
tionship between GE and methylation (DB, DP, RB, and RP), multiple linear regression 
analysis was employed using the equation: YGE = β0 + βDBXDB + βDPXDP + βRBXRB + βRPX

RP + ϵ; where YGE = (Y1, …, Y16)T is the 16-dimensional response variables of GEratio for 
all combinations of DB, DP, RB, and RP. X.. denotes the methylation indicator of DB, DP, 
RB, and RP (1 for methylation, 0 for unmethylation), and β.. represents the correspond-
ing coefficients. The same approach was used to assess the relationship between one of 
DB, DP, RB, and RP and the rest four categories, and the DBratio, DPratio, RBratio, and 
RPratio were used to calculate the linear regression YDB, YDP, YRB, and YRP, respectively. 
The coefficients and p-values obtained from five linear regressions were then utilized to 
construct the relationship network for each tissue, with Cytoscape v3.10.0 [73] used for 
visualization. The direction of the relationship was determined by the sign of the coef-
ficient (+ for positive, − for negative), and the width of the edge represented the signifi-
cance level indicated by the p-value.
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Interaction of DB, DP, RB, RP, and GE across genes

To explore the specific genes with the interaction of 5mC, m6A, and GE, we con-
ducted self- and across-interactions for DB, DP, RB, RP, and GE. Self-interaction refers 
to the interaction within the same gene for DB, DP, RB, RP, and GE, while across-
interaction denotes interactions of DB, DP, RB, RP, and GE across genes (gene–gene 
interaction). Considering that GE is usually influenced by its own DNA methylation 
or RNA methylation, and the methylation level of DNA or RNA methylation tend to 
be impacted by special methyltransferase and demethylase genes, we focus on the 
effects of 5mC and m6A in gene-body and promoter on GE for self-interaction. To 
quantitatively assess the interaction between gene expression and methylation levels 
within the same gene across 12 samples, we applied a linear regression model:

where YGE = (Y1, …, Y12)T represented the TPM values of GE for 12 samples. X.. 
denoted the methylation level values of DB, DP, RB, and RP, and β.. represented the 
corresponding coefficients in each gene. The significant of the association between 
DB, DP, RB, and RP and GE (p ≤ 0.05) was further evaluated using four subgroup gene 
sets categorized by significant DB, DP, RB, and RP associations. To quantify the dif-
ferences in p-values between any two subgroups, Cohen’s d metric was applied: d = 
(M1 − M2)/Sp, where M1 and M2 are the mean p-values of the two subgroups, and Sp 
is the pooled standard deviation, calculated as:

where s1 and s2 are the standard deviations of the two groups, n1 and n2 are the sizes of 
the gene sets in the respective subgroups. Subsequently, we classified the self-interaction 
of genes into two groups, positive (+) and negative (−), based on the sign of coefficients. 
And the value of r2 larger than 0.9 was used to obtain the confidence high correlation 
self-interaction of the effects of DB, DP, RB, and RP on GE.

For the across-interaction, the entire relationships among DB, DP, RB, RP, and 
GE were considered. Therefore, GE, DB, DP, RB, and RP were respectively used as 
response variables, with the rest four factors serving as explanatory variables. In the 
across-interaction of DB, DP, RB, and RP on GE in gene i, the model formula for Elas-
tic Net regression can be expressed as follows:

where YGEi represents the TPM values of the ith (i = 1, …, N) gene from 12 samples, Xjk 
denotes the explanatory variables of methylation level from DB, DP, RB, and RP in gene j 
(with k = 1, 2, 3, and 4, and j = 1, …, N), and Bjk represents the corresponding effect coef-
ficients of Xjk. βi and εi stand for the intercept term and random error, respectively. The 
coefficients Bjk are estimated by minimizing the following objective function:

YGE = β0 + βDBXDB + βDPXDP + βRBXRB + βRPXRP + ǫ

Sp =

√

(n1 − 1)s21 + (n2 − 1)s22
n1 + n2 − 2

YGEi = βi +
∑N

j=1

∑4
k=1(BjkXjk)+ εi
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where λ is the regularization parameter calculated by cross-validation from cv.glmnet of 
the R package glmnet [74]. The regularization penalty consists of two parts: the L1-norm 
penalty ( α‖(Bjk‖1

 ) and the L2-norm penalty ( 1−α
2

�(Bjk�
2
2
 ). The mixing parameter α con-

trols the balance between the L1 and L2 penalties. When α = 1, the model behaves like 
Lasso regression, and α = 0 resembles Ridge regression. Considering the balance of 
variable selection and variable correlation, we used α = 0.1. Given the large number of 
annotated genes in cattle and sheep, we initially reduced the variables in the Elastic Net 
regression model by retaining genes with a correlation between YGEi and Xjk higher than 
0.5. The models for across-interactions of response variables YDBi, YDPi, YRbi, and YRPi for 
DB, DP, RB, and RP were similar.

Pregnancy‑related interaction of DNA methylation and gene expression

Three replicates of WGBS and RNA-seq data from non-pregnant female mammary 
tissue of Holstein cattle were collected and compared with pregnant mammary tis-
sue [28]. All analysis processes, including raw reads quality control, adaptor trim-
ming, alignment, non-pregnant tissue-related gene identification, relationship among 
DB, DP, and GE from all genes and self-interaction of the effects of DB and DP on 
GE, were similar to those in both cattle and sheep. Due to the different background 
between non-pregnant animals and pregnant animal, the self-interaction was filtered 
by using regression correlation r2 ≥ 0.9 and the gene expression deviation (TPMpreg − 
TPMreg) ≥ 10.
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