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Abstract 

Bac kgr ound: Most DN A meth ylation studies ha v e used a single r efer ence genome with little attention paid to the bias introduced due 
to the r efer ence chosen. Refer ence g enome artifacts and g enetic v ariation, including single n ucleotide pol ymorphisms (SNPs) and 

structural variants (SVs), can lead to differences in methylation sites (CpGs) between individuals of the same species. We analyzed 

whole-genome bisulfite sequencing data from the fetal li v er of Angus ( Bos taurus taurus ), Brahman ( Bos taurus indicus ), and r ecipr ocall y 
crossed samples. Using reference genomes for each breed from the Bovine Pangenome Consortium, we investigated the influence of 
r efer ence genome choice on the breed and parent-of-origin effects in methylome analyses. 

Results: Our findings r ev ealed that ∼75% of CpG sites wer e shar ed between Angus and Brahman, ∼5% were breed specific, and ∼20% 

wer e unr esolv ed. We demonstrated up to ∼2% quantification bias in global methylation when an incorr ect r efer ence genome w as 
used. Furthermore , w e found that SNPs impacted CpGs 13 times more than other autosomal sites ( P < 5 × 10 −324 ) and SVs contained 

1.18 times ( P < 5 × 10 −324 ) more CpGs than non-SVs. We found a poor overlap between differ entiall y methylated r egions (DMRs) and 

differ entiall y expr essed g enes (DEGs) and sugg est that DMRs may be impacting enhancers that target these DEGs. DMRs overlapped 

with imprinted genes, of which 1, DGAT1 , which is important for fat metabolism and weight gain, was found in the breed-specific and 

sire-of-origin comparisons. 

Conclusions: This w ork demonstr ates the need to consider r efer ence genome effects to explore genetic and e pigenetic differ ences 
accurately and identify DMRs involved in controlling certain genes. 

Ke yw ords: bisulfite sequencing, methylation, CpG, structural variants, Dgat1 , differentially methylated region, bovine pangenome 
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Bac kgr ound 

DNA methylation is a k e y e pigenetic modification that plays a vi- 
tal role in regulating gene expression, repression of transposable 
elements, and par ental c hr omosome-specific r egulation thr ough 

genomic imprinting and X-c hr omosome inactiv ation [ 1 , 2 ]. In 

mammals, DNA methylation primarily occurs at C-phosphate-G 

dinucleotides (CpGs) [ 3 , 4 ] . DNA methylation influences gene ex- 
pression either by recruiting proteins involved in gene r epr ession 

or by blocking transcription factor binding sites (TFBSs) within 

pr omoter r egions [ 5 ]. Hypomethylation of a promoter has been as- 
sociated with the increased expression of the corresponding gene 
[ 6 ]. Ho w e v er, r ecent work has shown that promoter h ypermeth y- 
lation can also lead to gene expression [ 7 ]. The relationship be- 
tw een DN A methylation and gene expression is complicated by 
the role of enhancer methylation in regulating gene expression [ 8 ,
9 ]. In the presence of high DNA methylation, enhancers have been 

observed to be associated with high levels of the histone modifi- 
cation H3K27ac [ 10 ], which is often associated with active gene 
transcription [ 11–14 ]. 

Most DNA methylation studies have used a single reference 
genome with little or no knowledge of the impact of r efer ence 
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enome choice on the interpretation of methylome differences.
he choice of reference genome has been shown to have an im-
act on DNA methylation analyses, with up to a 9% bias reported
hen the incorrect reference is used [ 15 ]. Using a single reference

enome has been shown to bias read mapping in favor of reads
ith high similarity to the r efer ence [ 16–20 ]. This bias occurs be-

ause reads containing nonreference alleles or regions that are 
iv er gent fr om the r efer ence align poorl y, align to the wr ong ge-
omic region, or fail to align. This reference bias has been shown
o affect analyses of cattle breeds [ 21 , 22 ], humans [ 17 , 23 ], and
heep [ 18 ]. 

The majority of mammalian methylation occurs in the CpG 

ontext. Consequently, a single nucleotide polymorphism (SNP) 
an r emov e a methylation site, thus introducing a r efer ence bias
f the individuals being studied do not possess the same SNPs as
he individual used to generate the r efer ence. In addition to SNPs,
tructur al v ariations (SVs) among individuals may r emov e or in-
roduce CpG sites . T he disparity between CpG sites can confound
nalyses by identifying a methylated CpG in one individual when
nother individual has no CpG at that position. As a result, SNPs
nd SVs can both introduce bias, as reads may be unambiguously
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ssigned in duplicated regions not found in the r efer ence, and
ismatches in reads can result in the loss of some reads. More-
 ver, if individuals ha ve insertion SVs that carry CpG sites, reads
hat originate from the insertion/deletion (IGF) regions can only
e mapped if the complete sequence data for the population is
 vailable . We consider SNPs and SVs that alter CpGs as genetic
hanges with potential effects on epigenetic regulation. We use
he term “genetics of epigenetics” to describe this phenomenon. 

As more genomes for a given species become a vailable , the re-
earc h comm unity is gr aduall y shifting to w ar d using pangenomes
o account for genetic variation within a population more accu-
 atel y. A pangenome is a collection of the genomes of multiple
ndi viduals, re presenting all genetic variation within that popula-
ion and is thus a mor e accur ate way to r epr esent genetic diversity
han a single r efer ence genome [ 24 ]. Current pangenome projects
nclude human [ 24 , 25 ], cattle [ 26 ], and maize [ 27 ]. As genetic dif-
erences within a population can result in CpG differences, these
angenomes provide a valuable resource to study DNA methyla-
ion changes between diverse groups of individuals of the same
pecies. 

The 2 main lineages of modern cattle breeds are generally ac-
epted to have been deriv ed fr om 2 separate domestication events
f the wild aur oc h ( Bos primigenius ) [ 28 ]. The first domestication
 v ent occurr ed in the Fertile Cr escent ar ound 10,000 years ago and
ave rise to Bos taurus taurus from the wild aur oc h, B. p. primigenius
 29–31 ]. A second domestication e v ent occurr ed in the Indus Val-
ey, ∼1,500 years later, from Bos primigenius nomadicus , which sep-
r ated fr om B. p. primigenius ar ound 250,000 to 330,000 years ago
 32 ] and gave rise to Bos taurus indicus . The subspecies are referred
o here as taurine and indicine cattle, respectively [ 28 ], where the
ngus br eed r epr esents taurine cattle, and Br ahman is r epr esen-

ative of indicine cattle. 
Angus and Brahman have contrasting phenotypes; for exam-

le , Angus ha v e been br ed for meat pr oduction tr aits [ 33 ], wher eas
r ahman hav e superior heat and disease toler ance tr aits [ 34 , 35 ].
NA methylation differences may partly be responsible for the
henotypic differences between these 2 breeds. 

As expected from their domestication history, Angus and Brah-
an cattle r epr esent geneticall y highl y div er ged subspecies [ 36 ,

7 ]. Ho w e v er, as they produce fertile offspring when mated [ 38 ],
hey are an appropriate model to investigate the impact of using
 single r efer ence genome on methylome analysis of 2 genetically
iverse populations. We hav e pr e viousl y pr oduced high-quality
a plotype-r esolv ed r efer ence genomes for Angus and Brahman
 39 ], whic h ar e genomes included in the Bovine Pangenome Con-
ortium project [ 26 ] and are used in the present study. 

Br eed-specific differ ences in CpGs may occur due to a SNP, such
s those caused by spontaneous deamination [ 40 , 41 ], or may re-
ult from SVs. A single SNP affecting a CpG site has been shown
o dr asticall y alter the methylation state of the IGF2 gene in pigs,
eading to changes in muscle development [ 42 ]. SVs have been
ssociated with decreased methylation in cancers [ 43 ] and with
hanges in the methylation of the kappa opioid receptor ( KOR ) pro-
oter associated with KOR dysfunction and sc hizophr enia [ 44 ]. 
P ar ent-of-origin effects (POEs) occur when only 1 allele is ex-

ressed, and the phenotype in the offspring may depend on which
arent contributed the expressed allele [ 45 ]. Reciprocal crossing is
ecessary to elucidate how eac h par ent contributes to a particu-

ar phenotype. POEs have been observed in hybrids of mice [ 46 ],
attle [ 47 ], and pigs [ 48 ], and there is increasing evidence that fe-
al de v elopment is influenced by POEs [ 49–53 ]. Given the similarity
n gestation period between cattle and human and the single fe-
us with a similar de v elopment tr ajectory, cattle ar e an attr activ e
odel species to study human r epr oductiv e and de v elopmental
iology [ 54–57 ]. 

To investigate the potential impact of reference genome choice
n methylome analyses and to improve our understanding of
he genetic and epigenetic factors driving the phenotypic differ-
nces between cattle subspecies, we used whole-genome bisul-
te sequencing (WGBS) data from 24 fetal liver samples of pure-
r ed Br ahman and Angus cattle and their r ecipr ocal cr osses to
erform a compr ehensiv e assessment of the impact of r efer ence
enome choice on differential methylation and gene expression.
his study serves as an example of how to investigate epige-
etic differences between breeds , strains , and populations within
pecies and informs about r efer ence genome effects on the inter-
retation of methylome analyses. 

esults 

apping of WGBS data and calling CpG 

ach of the 24 samples representing the 4 genetic groups (Fig. 1 A;
upplementary Table S1 ) was sequenced for WGBS analysis to at
east 30 × cov er a ge and then mapped separately to the Brahman
nd Angus genomes (Fig. 1 B). An av er a ge ma pping r ate of ∼95%
as ac hie v ed when r eads wer e ma pped fr om eac h sample to the
r ahman r efer ence genome and ∼93% when ma pping to the An-
us r efer ence genome (Table 1 ; Supplementary Table S1 ). All sam-
les had at least 10 × cov er a ge for 93% of the Brahman sequence.
sing the Angus r efer ence, all samples had 10 × cov er a ge for at

east 90% of the sequence (Table 1 ; Supplementary Table S1 ). 
We performed all analyses twice for each reference genome,

rst using all CpGs with ≥10 × in each reference genome and again
her e we r etained onl y CpG sites with ≥10 × that we could confi-
ently assign as being shared between both breeds. Between 85%
nd 88% of autosomal CpG sites had cov er a ge ≥10 × when con-
idering all CpG sites on both the Brahman and Angus reference
nd shared CpG sites (Table 1 ; Supplementary Table S2 ). Median
ov er a ge of CpG sites across all samples r anged fr om 25 × to 34 ×
 egardless of r efer ence and CpG sites consider ed (i.e., shar ed or
ll) (Table 1 ; Supplementary Table S3 ). 

lustering of genetic groups 

omparing the methylation patterns between the genetic groups,
e found that samples within a genetic group were more simi-

ar to each other than with samples from other groups. For ex-
mple, samples from the BTBT group had higher correlations
ith other BTBT samples than BIBI samples. BTBT had the high-

st within-group Pearson correlations ( r between 0.81 and 0.88)
 Supplementary Fig. S1 ). The samples that were least correlated
ith one another were those belonging to BTBT and BIBI, with

orrelations between 0.75 and 0.78. Samples from the recipro-
al cr oss-gr oups (BIBT; BTBI) had similar corr elations with other
amples within their own group ( r between 0.81 and 0.83), as well
s with samples from the alternative reciprocal cross ( r between
.80 and 0.83). Ov er all, corr elations wer e high within eac h genetic
roup ( r ≥ 0.8) ( Supplementary Fig. S1 ). 

We performed a principal component analysis (PCA) of the 24
amples using CpG sites cov er ed by at least 10 reads in all samples
Fig. 2 A). BTBT and BIBI formed distinct clusters distant from one
nother, with the 2 hybrid genetic groups clustering m uc h closer
ogether and between the 2 parental genetic gr oups. Ne v ertheless,
he hybrid groups were clearly separated on the PCA plot (Fig. 2 A).
he separation of groups we observed from the methylation data

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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Figure 1: Ov ervie w of methods. (A) Repr esentation of the 4 genetic gr oups used in this study. The blue cow r epr esents pur e Angus individuals (BTBT). 
The blue then orange cow represents individuals with an Angus sire and Brahman dam (BTBI). The orange then blue cow re presents indi viduals with a 
Br ahman sir e and Angus dam (BIBT). The or ange cow r epr esents pur e Br ahman individuals (BIBI). (B) Pr ocess of ma pping WGBS r eads (light gr een-blue) 
and RNA sequencing reads (green) to both the Brahman and Angus reference genomes. (C) Simple representation of shared and breed-specific CpG 

sites between Brahman and Angus reference genomes. (D) Breed-specific CpGs arise from a single nucleotide polymorphism between Brahman and 
Angus, such as spontaneous deamination of the C to a T. Structural variants, such as indels between the 2 genomes, can introduce or remove CpGs in 
one genome r elativ e to the other. (E) Simple r epr esentation of how differential methylation can be influenced by breed-specific CpGs . T he gra y boxes 
demonstrate how a differentially methylated cytosine is identified when both breeds share that site. Essentially, one compares the number of Cs and 
Ts in group 1 against the number of Cs and Ts in group 2. If 1 group reports significantly more Cs than the other, it is considered differentially 
methylated. The y ello w bo xes re present a breed-specific CpG where only samples from 1 group have that CpG, so differential methylation cannot be 
determined. The red boxes represent a situation where the CpG is present in 1 subspecies, but spontaneous deamination has mutated the CpG site 
into a TpG site in the other subspecies. In this case, differential methylation can be calculated. Ho w ever, it will be erroneous as only 1 group has a true 
CpG at that site. (F) Gr a phical r epr esentation of how br eed differ ences wer e determined. We compar ed methylation and gene expr ession between 
BTBT and BIBI samples. (G) Gr a phical r epr esentation of ho w w e determined parent-of-origin effects (POEs). Maternal POEs w ere determined b y 
comparing BTBT and BIBT against BIBI and BTBI. Paternal POEs were determined by comparing BTBT and BTBI against BIBI and BIBT. 

Table 1: Mapping statistics of Angus and Brahman reference genomes 

Angus Brahman 

Ma pped r eads a 1,455,481,398 (99%) 1,457,794,807 (99%) 
Duplication rate (%) a 10 14 
CpGs with ≥10 × cov er a ge in 
all samples 

22,116,287 (86%) 21,962,589 (85%) 

CpG cov er a ge a 30 30 

a Mean of all samples. 
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Figure 2: (A) PCA plot showing separation of genetic groups by methylation. Blue represents BTBT, orange represents BIBI, green represents BTBI, and 
r ed r epr esents BIBT. The x-axis is principal component 1, and the y-axis is principal component 2. (B) PCA plot showing separation of genetic groups by 
gene expression data; colors are same as A. The x-axis is the first dimension of the logCPM, and the y-axis is the second dimension of the logCPM. 
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as similar to that seen for the gene expression data (Fig. 2 B), in-
icating a potential parent-of-origin effect. 

verview of DNA methylation patterns 

amples had a global mean CpG methylation of between 47% and
2%, with most samples ranging from 49% to 54% ( Supplementary
able S4 ). Mean exon CpG methylation was 45% to 54% for all sam-
les, with most samples ranging from 48% to 54% methylation
 Supplementary Table S5 ). The 5 ′ UTRs and promoter regions had
he lo w est mean CpG methylation percenta ge acr oss all samples,
etween 10%–13% and 24%–31%, r espectiv el y ( Supplementary
able S5 ). The intergenic regions displayed mean methylation lev-
ls that ranged from 47% to 65% ( Supplementary Table S5 ), with
ost samples ranging from 49% to 57%, similar to the global
ean. The introns exhibited slightly higher methylation levels,
ith means r anging fr om 50% to 64% ( Supplementary Table S5 )
nd most samples in the 53% to 59% range . T he 3 ′ UTRs re-
ealed the highest overall CpG methylation levels, 57% to 69%
 Supplementary Table S5 ). Lastly, the predicted enhancers, accord-
ng to MacPhillamy et al. [ 58 ], exhibited CpG methylation le v els
 anging fr om 42% to 53%, with most samples within 43% to 48%
ethylated ( Supplementary Table S5 ). Similar methylation pat-

erns were observed using only shared CpGs in exons , 5 ′ UTRs ,
nter genic r egions, intr ons, pr omoters, pr edicted enhancers, and
 

′ UTRs, regardless of the reference genome used. 

hared and breed-specific CpGs 

e were able to confidently identify 74% to 75% of CpGs in
he Brahman and Angus genomes that were shared between
he 2 breeds (Table 2 ; Supplementary Table S6 ). We found that
round 4% of CpG alignments contained an SNP between refer-
nce genomes ( Supplementary Table S6 ; Supplementary Fig. S2 )
i.e., wer e br eed-specific). About 22% of CpGs could not be confi-
ently assigned as shared or breed-specific and so were not con-
idered in the shared CpG analysis. By definition, breed-specific re-
ions with CpG sites did not align when the other breed genome
as used as the r efer ence. We found ∼1% of such CpG sites. In
otal, the SNP change and breed-specific categories of CpG sites
onstituted 4.7% and 4.9% of CpGs between the Angus and Brah-
an r efer ence genomes, r espectiv el y, and wer e consider ed br eed-

pecific. It should be noted that in this study, we consider breed-
pecific CpGs that appear in one reference genome and not the
ther. The limitation of this is that neither r efer ence genome likel y
a ptur es all variation present within the 2 breeds. 

nrichment of SNPs affecting CpG sites 

sing the autosomal SNPs identified by Minimap2 and PAFtools.js
 59 ], we observed that Brahman and Angus autosomal sequences
iffer by an av er a ge of ∼0.4% ( Supplementary Table S7 ). SNPs

n CpG sites wer e enric hed by ∼13 times compared to the ge-
omic bac kgr ound (c hi-squar e test of independence, adjusted P
 5 × 10 −324 ), whic h means SNPs between these 2 br eeds affect
pG sites dispr oportionatel y mor e than other autosomal sites. 

Looking mor e closel y at the CpG SNP changes, we found that
ost ( ∼81%) of them were either C to T or G to A changes

 Supplementary Fig. S2 ), which is very similar to the number of
pG SNP changes detected in humans (80.7%) [ 60 ]. The remain-

ng SNP changes combined comprised ∼19% of the total observed
utations at CpG sites ( Supplementary Fig. S2 ; Supplementary

able S6 ). 

ncreased number of CpGs within structural 
ariants 

ext, we tested whether CpGs wer e enric hed in SVs compared
o the rest of the genome. Using the Brahman genome as the
 efer ence, we observ ed 16,011 SVs between Br ahman and An-
us, making up ∼15 Mb of sequence. We observed 1.18-fold more
pGs within SVs than in non-SVs (Mann–Whitney U -test, P =
 . 91 × 10 −5 ). When considering CpGs affected or introduced by
NPs and SVs, the CpG m utation r ate is a ppr oximatel y 6.7% be-
ween Brahman and Angus compared to the genome-wide muta-
ion rate of around 1%. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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Table 2: Number of CpGs in the Angus and Brahman reference genomes 

Angus Brahman 

Total CpGs a 25,712,300 25,799,151 
CpGs aligned to other r efer ence b 25,209,966 25,228,509 
CpGs shared in other genome c 18,813,726 18,781,688 
CpGs affected by SNP 993,318 1,003,167 
Unr esolv ed CpGs d 5,402,922 5,443,654 

a Total number of CpGs present within the genome. 
b Number of CpGs that could be aligned from one genome to the other using Minimap2 [ 59 ]. 
c Number of CpGs in footnote b (i.e., the pr e vious r o w) that w ere CpGs in both species. 
d Number of CpGs in footnote b that could not be confidently assigned as either shared or an SNP. 
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Choice of reference genome influences 

methylome results 

We examined the CpG methylation differences between each 

sample when mapped to Angus and Brahman reference genomes 
and observed a statistically significant difference in CpG methy- 
lation le v els in all samples when using all CpGs with ≥10 × cov- 
er a ge (2-sample Kolmogor ov–Smirnov test, adjusted P < 0.05) (Ta- 
ble 3 ; Supplementary Table S8 ). When only considering the shared 

CpGs, we observed a significant quantification bias in all samples,
although it was m uc h smaller (2-sample K olmogoro v–Smirno v 
test, adjusted P < 0.05) (Table 3 ; Supplementary Table S8 ). When 

we pooled all CpG methylation values for a given group and com- 
par ed the Br ahman and Angus r efer ences, we observ ed a statis- 
tically significant quantification bias in all 4 groups (2-sample 
K olmogoro v–Smirno v test, adjusted P < 0.05) (Fig. 3 A; Table 3 ; 
Supplementary Fig. S3 A; Supplementary Table S8 ). When compar- 
ing only the shared CpGs, we observed a much weaker quantifi- 
cation bias between genomes, although it was still significant at 
the gr oup le v el (2-sample Kolmogor ov–Smirnov test, adjusted P 
< 0.05) (Fig. 3 B; Table 3 ; Supplementary Fig. S3 B; Supplementary 
Table S8 ). When comparing global CpG methylation differences 
between samples mapped to Brahman and those mapped to 
Angus, the largest quantification bias was ∼2% for BTBT. The 
other quantification biases were ∼0.8%, ∼0.7%, and ∼0.3% for 
BTBI, BIBT, and BIBI samples, r espectiv el y (Fig. 3 A; Table 3 ; 
Supplementary Fig. S3 A; Supplementary Table S8 ). When using 
onl y shar ed CpGs, the quantification bias was r educed to ∼0.6%,
∼0.5%, ∼0.4%, and ∼0.2% in BTBT , BTBI, BIBT , and BIBI, respec- 
tiv el y (Fig. 3 B; Table 3 ; Supplementary Fig. S3 B; Supplementary 
Table S8 ). 

Next, we examined whether the shared CpGs exhibited corre- 
lated methylation le v els r egardless of the r efer ence genome used.
For example, we wanted to determine whether a given CpG in 

the Br ahman r efer ence has the same methylation percenta ge as 
the corresponding CpG in the Angus reference for a given sam- 
ple. We observ ed r oot mean squar e err or (RMSE) v alues of ar ound 

0.01 for groups ( Supplementary Fig. S4 ), with most CpGs exhibit- 
ing less than 10% difference in methylation between the r efer ence 
genomes. Inter estingl y, we observ ed se v er al CpGs that a ppear ed 

sensitiv e to r efer ence genome c hoice . For example , 264,023 CpGs 
had an absolute methylation difference of least 10%, with 429 
CpGs having an absolute difference of at least 50% depending on 

the r efer ence genome used ( Supplementary Table S9 ). 
To further investigate the influence of the r efer ence genome 

on downstream analyses, we compared differentially methylated 

regions (DMRs) identified by the 2 reference genomes to evalu- 
ate if the direction of methylation changed (i.e., h ypermeth ylated 

became h ypometh ylated and vice versa). DMRs from Angus were 
mapped to the Brahman reference, and we found approximately 
2% (28,922) of Angus DMRs ov erla pped with Br ahman DMRs by at
east 90% of their length. Of these DMRs that mapped to the Angus
 efer ence, 3,575 sho w ed changes in methylation direction when
apped to the Brahman reference ( Supplementary Table S10 ).
 hat is , a DMR that was observed as h ypometh ylated in Angus
amples r elativ e to Br ahman when ma pped to the Angus r efer-
nce was observed to be h ypermeth ylated in Angus r elativ e to
rahman when mapped to the Brahman reference. We observed 

imilar numbers (3,581) when lifting DMRs fr om Br ahman to An-
us ( Supplementary Table S10 ). Ther e wer e no methylation direc-
ion changes when we considered differentially methylated cy- 
osines (DMCs). 

Lastl y, we compar ed homologous regions between the Angus
nd Brahman reference genomes to determine whether any differ- 
ntially methylated regions existed between these 2 genomes for 
ac h gr oup (Methods). Using a window size of 100 kb, we observed
1, 31, 30, and 36 windows being significantly differentially methy-
ated when using BTBT, BTBI, BIBT, and BIBI samples, r espectiv el y
paired Wilcoxon test, adjusted P < 0.05) ( Supplementary Table
11 ). 

reed-specific CpGs show distinct methylation 

atterns 

ooking mor e closel y at the br eed-specific CpGs, we first deter-
ined the bac kgr ound methylation for Angus samples as the
ethylation of all shared CpG sites when mapped to the Angus

 efer ence. We then extr acted the methylation for all Angus sam-
les from CpG sites that were identified as breed-specific. We then
ompar ed the bac kgr ound methylation distribution a gainst the
ngus-specific distribution. This was repeated for the Brahman 

sing the Brahman reference. Breed-specific CpG sites were sig- 
ificantl y mor e likel y to hav e lo w er methylation than the back-
round methylation for Angus (Wilcoxon signed rank test, P <
 . 0 × 10 −324 ) and Brahman (Wilcoxon signed rank test, P < 5 . 0 ×
0 −324 ), r espectiv el y (Fig. D, E). 

MRs between breeds show limited overlap with 

ifferentially expressed gene promoters 

s we observed a quantification bias when using all CpGs mapped
 gainst eac h r efer ence genome, we r estricted br eed-specific and
OE analyses to those CpGs identified as shared. Additionally, we
xamined the number of DMRs at the 25% and 50% difference
hresholds , that is , mor e stringent thr esholds for calling DMRs,
hic h substantiall y r educed the numbers ( Supplementary Table
12 ). Given that minor changes of less than 10% to 15% in methy-
ation have been observed to influence gene expression and phe-
otype [ 61 , 62 ], we used a differ ence thr eshold of 10% to inter pr et
he results. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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Table 3: Sample-wise and group-wise methylation quantification biases 

Sample-wise Group-wise 

ID Difference a P -value Adj. P -value ID Difference a P -value Adj. P -value 

All CpGs b All CpGs c 

F103 1 .99 5.00E-324 5.00E-324 BTBT 1 .98 5.00E-324 5.00E-324 
F105 2 .16 5.00E-324 5.00E-324 
F52 2 .25 5.00E-324 5.00E-324 
F53 1 .88 5.00E-324 5.00E-324 
F60 1 .73 5.00E-324 5.00E-324 
F7 1 .87 5.00E-324 5.00E-324 
F100 1 .15 5.00E-324 5.00E-324 BTBI 0 .79 5.00E-324 5.00E-324 
F104 0 .83 5.00E-324 5.00E-324 
F106 0 .85 5.00E-324 5.00E-324 
F61 1 .06 5.00E-324 5.00E-324 
F74 0 .86 5.00E-324 5.00E-324 
F97 0 .01 3.69E-02 3.69E-02 
F13 0 .66 5.00E-324 5.00E-324 BIBT 0 .69 5.00E-324 5.00E-324 
F62 0 .63 5.00E-324 5.00E-324 
F77 0 .73 5.00E-324 5.00E-324 
F80 0 .71 5.00E-324 5.00E-324 
F8 0 .75 5.00E-324 5.00E-324 
F91 0 .65 5.00E-324 5.00E-324 
F22 0 .34 5.00E-324 5.00E-324 BIBI 0 .34 5.00E-324 5.00E-324 
F46 0 .34 8.02E-301 8.37E-301 
F56 0 .29 5.81E-301 6.34E-301 
F65 0 .40 5.00E-324 5.00E-324 
F78 0 .36 5.00E-324 5.00E-324 
F99 0 .34 5.00E-324 5.00E-324 

Shared d Shared e 

F103 0 .06 1.24E-09 7.41E-09 BTBT 0 .05 1.65E-40 6.61E-40 
F105 0 .06 3.78E-13 9.06E-12 
F52 0 .06 2.12E-12 2.55E-11 
F53 0 .05 1.36E-08 6.55E-08 
F60 0 .04 4.05E-08 1.62E-07 
F7 0 .05 6.76E-10 5.41E-09 
F100 0 .04 5.22E-06 1.79E-05 BTBI 0 .04 1.52E-18 3.04E-18 
F104 0 .03 2.15E-04 4.29E-04 
F106 0 .04 3.88E-04 7.16E-04 
F61 0 .04 6.40E-06 1.92E-05 
F74 0 .04 2.93E-05 7.82E-05 
F97 0 .03 3.89E-02 5.19E-02 
F13 0 .03 1.83E-03 2.92E-03 BIBT 0 .03 1.85E-16 2.47E-16 
F62 0 .03 6.50E-03 9.18E-03 
F77 0 .03 1.07E-03 1.83E-03 
F80 0 .04 3.82E-05 9.17E-05 
F8 0 .04 1.34E-04 2.92E-04 
F91 0 .03 3.82E-03 5.73E-03 
F22 0 .02 1.09E-01 1.14E-01 BIBI 0 .02 2.94E-16 2.94E-16 
F46 0 .03 5.05E-02 6.38E-02 
F56 0 .02 7.49E-02 8.99E-02 
F65 0 .02 1.65E-01 1.65E-01 
F78 0 .02 8.18E-02 9.35E-02 
F99 0 .02 1.03E-01 1.13E-01 

a Refers to the absolute percentage difference of the mean CpG methylation when mapped to Angus compared to Brahman for a given sample. 
b Denotes sample-wise values calculated using all (21,432,071) CpG sites. Refers to Fig. 3 A. 
c Denotes group-wise values calculated using all CpG sites in all samples within a group (i.e., pooled) (21,432,071 × 6 = 128,592,426). Refers to Fig. 3 A. 
d Denotes sample-wise values using only shared (16,204,834) CpG sites. Refers to Fig. 3 B. 
e Denotes group-wise values calculated using only shared CpG sites in all samples within a group (i.e., pooled) (16,204,834 × 6 = 97,229,004) CpG sites. Refers to 
Fig. 3 B. 
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Using Brahman as the r efer ence, we identified 123,602
MRs and 1,549 differ entiall y expr essed genes (DEGs)

 Supplementary Tables S12 and S13 ). Of the 123,602 DMRs
bserv ed, ∼19% (23,575) ov erla pped with the surr ounding
egion of the significant DEGs, with around twice as many
MRs falling within the putativ e-enhancer r egion compar ed
o the promoter region after normalizing for the length dif-
erence between the enhancer regions and promoter regions
 Supplementary Table S14 ). Only 68 DMRs overlapped with
romoters of DEGs, despite 99% of significant DEGs being

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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Figure 3: (A) Kernel density estimate (KDE) plots showing global CpG methylation using all CpG sites for all samples in the 4 genetic gr oups. Eac h 
panel r epr esents a genetic gr oup in the order BTBT, BTBI, BIBT, and BIBI. The x-axis r epr esents the methylation percenta ge for a giv en CpG site . T he 
y-axis r epr esents the density. Eac h r efer ence genome is r epr esented by a differ ent color, blue for Angus and or ange for Br ahman. (B) Same as A; 
ho w e v er, onl y the shared CpGs were considered. Associated P -values for (A) and (B) can be found in Table 3 . (C) KDE plot showing the methylation 
values of matched CpGs when mapped to the Angus reference (x-axis) and Brahman reference (y-axis) for all chromosomes. Only CpGs that differed 
by > 10 are plotted (0.18% of all CpGs from all samples). (D) KDE plot illustrating the difference in methylation distribution between the shared and 
Angus-specific CpG sites when aligning Angus samples to the Angus r efer ence. Blue r epr esents shar ed CpG sites. Or ange r epr esents Angus-specific 
CpG sites. P -values were determined with a Wilcoxon signed-rank test. The x-axis denotes the methylation percentage . T he y-axis represents the 
probability density. (E) KDE plot illustrating the difference in methylation distribution between the shared and Brahman-specific CpG sites when 
aligning Brahman samples to the Brahman reference. Blue represents shared CpG sites. Orange represents Brahman-specific CpG sites. P -values were 
determined with a Wilcoxon signed-rank test. The x- and y-axes are the same as (D). 
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ov erla pped by a DMR. When the Angus r efer ence was used,
of the 125,544 DMRs identified, ∼25% (31,252) of those over- 
lapped with a DEG. Around 1.6 times as many DMRs fell 
into an enhancer r egion compar ed to DEG pr omoter r egions 
( Supplementary Table S14 ), despite substantially more (1,872) 
DEGs observed ( Supplementary Table S13 ) and 99% ov erla pping 
with a DMR. 

We then examined the ov erla p of DMRs and imprinted genes,
first using Brahman as the reference . Here , ∼1% (1,182) of the 
DMRs identified between BIBI and BTBT ov erla pped 79 imprinted 

genes. Only 1 imprinted gene, P ar-6 famil y cell polarity regula- 
tor gamma ( PARD6G ), did not ov erla p with any DMR. Most DMRs 
( ∼79% of the 1,182) that ov erla pped an imprinted gene fell into 
putativ e enhancer r egions. Fiv e imprinted genes were significantly 
differ entiall y expr essed when comparing BIBI and BTBT (Table 4 ).
These genes were DS cell adhesion molecule ( DSCAM ), neuronatin 

( NNAT ), Lin-28 homolog B ( LIN2B ), and protein phosphate 1 reg- 
a  
latory subunit 9A ( PPP1R9A ). DSCAM and NNAT had higher ex-
ression in BTBT, and the remaining 3 DEGs, diacylglycerol O-
cyltr ansfer ase 1 ( DGAT1 ), LIN2B , and PPP1R9A , had higher expres-
ion in BIBI. We again observed 5 imprinted DEGs using the Angus
 efer ence; ho w e v er, 1 gene was a novel gene. The remaining genes
 NNAT , LIN28B , DGAT1 , and PP1R9A ) sho w ed the same expression
attern as when mapped to Brahman (Table 5 ). 

am-of-origin methylation shows less overlap 

ith imprinted genes 

o investigate the dam-of-origin effects (DOEs), we compared 

amples with Brahman dams (BIBI and BTBI) with those with
ngus dams (BTBT and BIBT). Using the Brahman genome as

he r efer ence, 457 DEGs wer e identified in the DOE comparison.
round 6% (1,236) of the DMRs overlapped with DEGs, with ∼78%
f DEGs being ov erla pped by a DMR. Appr oximatel y 2.4 times
s many DMRs fell into putative enhancer regions compared to

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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Table 4: Significant imprinted DEGs and their ov erla p with DMRs when using the Brahman reference genome 

Gene ID Gene name Protein name 

Increased 
expression in 

Brahman a 

Number of 
hypo-DMRs in 

Brahman 

Number of 
h yper -DMRs 
in Brahman 

Breed comparison 
ENSBIXG00005007073 DSCAM DS cell adhesion molecule No 61 18 
ENSBIXG00005012203 NNAT Neuronatin No 37 1 
ENSBIXG00005029958 LIN28B Lin-28 homolog B Yes 8 1 
ENSBIXG00005009822 DGAT1 Diacylgl ycer ol O-acyltr ansfer ase 1 Yes 3 2 
ENSBIXG00005007141 PPP1R9A Protein phosphatase 1 regulatory 

subunit 9A 

Yes 11 5 

Dam of origin comparison 
ENSBIXG00005019306 ZC3H12C Zinc finger CCCH-type containing 12C Yes 5 1 
ENSBIXG00005007141 PPP1R9A Protein phosphatase 1 regulatory 

subunit 9A 

Yes 3 2 

ENSBIXG00005029958 LIN28B Lin-28 homolog B Yes 1 0 
ENSBIXG00005015804 RTL1 Retr otr ansposon Ga g like 1 No 3 0 
Sire of origin comparison 
ENSBIXG00005007073 DSCAM DS cell adhesion molecule No 38 5 
ENSBIXG00005021735 HTR2A 5-hydr oxytryptamine r eceptor 2A Yes 18 2 
ENSBIXG00005012203 NNAT Neuronatin No 8 0 
ENSBIXG00005009822 DGAT1 Diacylgl ycer ol O-acyltr ansfer ase 1 Yes 0 1 
ENSBIXG00005025714 MKRN3 Makorin ring finger protein 3 No 0 0 
ENSBIXG00005025694 NDN Necdin MAGE family member No 0 1 
ENSBIXG00005024991 SLC22A18 Solute-carrier family 22 member 18 Yes 0 0 
ENSBIXG00005013434 TFPI2 Tissue factor pathway inhibitor 2 No 25 0 

∗Incr eased expr ession in Br ahman denotes genes that wer e significantl y mor e highl y expr essed in Br ahman than in Angus. “No” denotes that gene was significantly 
mor e highl y expr essed in Angus. 

Table 5: Significant imprinted DEGs and their ov erla p with DMRs when using the Angus r efer ence genome 

Gene ID Gene name Protein name 

Increased 
expression in 

Angus a 

Number of 
hypo-DMRs in 

Angus 

Number of 
h yper -DMRs 

in Angus 

Breed comparison 
ENSBIXG00000027129 Novel gene Yes 20 66 
ENSBIXG00000021864 NNAT Neuronatin Yes 2 32 
ENSBIXG00000002586 LIN28B Lin-28 homolog B No 0 6 
ENSBIXG00000012321 DGAT1 Diacylgl ycer ol O-acyltr ansfer ase 1 No 3 3 
ENSBIXG00000005197 PPP1R9A Protein phosphatase 1 regulatory 

subunit 9A 

No 9 15 

Dam of origin comparison 
ENSBIXG00000011151 ZC3H12C Zinc finger CCCH-type containing 12C No 0 4 
ENSBIXG00000005197 PPP1R9A Protein phosphatase 1 regulatory 

subunit 9A 

No 6 3 

ENSBIXG00000002586 LIN28B Lin-28 homolog B No 0 1 
Sire of origin comparison 
ENSBIXG00000027129 DSCAM DS cell adhesion molecule Yes 5 35 
ENSBIXG00000008539 HTR2A 5-hydr oxytryptamine r eceptor 2A No 1 17 
ENSBIXG00000021864 NNAT Neuronatin Yes 1 11 
ENSBIXG00000012321 DGAT1 Diacylgl ycer ol O-acyltr ansfer ase 1 No 0 0 
ENSBIXG00000015087 MKRN3 Makorin ring finger protein 3 Yes 1 1 
ENSBIXG00000015080 NDN Necdin MAGE family member Yes 1 0 
ENSBIXG00000028529 SLC22A18 Solute-carrier family 22 member 18 No 0 2 

a Incr eased expr ession in Angus denotes genes that wer e significantl y mor e highl y expr essed in Angus than in Brahman. “No” denotes that gene was significantly 
mor e highl y expr essed in Br ahman. 
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DEG pr omoter r egions ( Supplementary Table S14 ). Ther e wer e 52 
imprinted genes that ov erla pped with ∼1% (190) of the DMRs 
identified in the comparison. Of the 190 DMRs that ov erla pped 

with an imprinted gene, 128 DMRs ov erla pped with the puta- 
tiv e enhancer r egion. Four imprinted genes wer e significantl y dif- 
fer entiall y expr essed (Table 4 ). Zinc finger CCCH-type contain- 
ing 12C ( ZC3H12C ), PPP1R9A , and LIN28B had higher expression 

in samples with Brahman mothers. Using Angus as the refer- 
ence, we observed 1,254 ( ∼5%) DMRs ov erla p with the 358 DEGs 
and ∼88% of DEGs cov er ed by a DMR. Around 2.30-fold more 
DMRs fell into putative enhancer regions compared to DEG pro- 
moter regions ( Supplementary Table S14 ). Three imprinted DEGs 
( ZC3H12C , PPP1R9A , and LIN28B ) were identified using the Angus 
genome as the r efer ence (Table 5 ). 

Sire-of-origin methylation may be driving 

differential gene expression 

To investigate the sire-of-origin effects (SOEs), we compared sam- 
ples with Br ahman sir es (BIBI and BIBT) with those with Angus 
sires (BTBT and BTBI). Using the Brahman reference, we identi- 
fied 62,056 DMRs and 1,190 DEGs in the sire group comparison 

using shared CpGs ( Supplementary Tables S12 and S13 ), with 2.4 
times more DMRs overlapping a putative enhancer region than 

pr omoter r egion ( Supplementary Table S14 )). Ther e wer e 63,516 
DMRs identified using the Angus r efer ence, but substantiall y mor e 
DEGs (1,568) were identified ( Supplementary Table S13 ). Around 

12% (7,840) of the DMRs ov erla pped with a significant DEG; ∼93% 

of DEGs were overlapped by a DMR. Around 19% ( ∼12,251) of DMRs 
ov erla pped a DEG and ∼96% of DEGs ov erla pped with a DMR; 
∼75% of the DMRs ov erla pped a putative enhancer region. This 
was a ppr oximatel y twice as man y DMRs ov erla pped with a pu- 
tative enhancer compared to a promoter when using the Angus 
r efer ence. 

We observed 73 imprinted genes that ov erla pped DMRs iden- 
tified between the 2 different sire groups. Less than 1% (586) of 
DMRs ov erla pped the 73 imprinted genes, with most ( ∼73% of 586) 
occurring in the putative enhancer region. Eight imprinted genes 
wer e significantl y differ entiall y expr essed and ov erla pped with a 
DMR (Table 4 ). These genes were DSCAM , 5-hydroxytryptamine 
receptor 2A ( HTR2A ), NNAT , DGAT1 , necdin MAGE family mem- 
ber ( NDN ), and tissue factor pathway inhibitor 2 ( TFPI2 ). DSCAM ,
NNAT , NDN (Makorin ring finger protein 3), MKRN3 , and TFPI2 
had higher expression in samples with Angus sires, with the 
other genes ( HTR2A , DGAT1 , solute-carrier family 22 member 18 
[ SLC22A18 ]) being more highly expressed in samples with Brah- 
man sires. SLC22A18 sho w ed high expression in the Brahman 

sir e gr oup, and MKRN3 sho w ed higher expression in the Angus 
sir e gr oup, but neither ov erla pped with an y DMRs. Six signif- 
icantl y differ entiall y expr essed imprinted genes wer e observ ed 

when using the Angus r efer ence (Table 5 ). In this case, the 6 
significantl y differ entiall y expr essed imprinted genes with DMR 

ov erla p wer e DSCAM , HTR2A , NNAT , MKRN3 , NDN , and SLC22A18 .
DSCAM , NNAT , MKRN3 , and NDN had higher expression in sam- 
ples with an Angus sire . T he remaining 3 genes ( HTR2A , DGAT1 ,
and SLC22A18 ) had higher expression in samples with a Brahman 

sire. DGAT1 did not ov erla p an y DMRs when using the Angus r ef- 
erence. 

Discussion 

In the present study, we observed genome-wide CpG methylation 

correlations among replicates that ranged from 75% to 82% be- 
tween groups and from 81% to 87% within groups . T hese corre- 
ations were similar to a recent study in mice where genome-
ide CpG methylation correlations among replicates ranged from 

3% to greater than 80% [ 63 ]. Mor eov er, we observ ed le v els of
iver global CpG methylation between 47% and 62% in the present
tudy, which is similar to previous studies of human [ 64 ], mouse
 63 ], and cattle [ 65 ]. 

Mapping statistics can provide an insight into how the choice
f r efer ence genome will affect downstr eam anal yses [ 66 ]. How-
 v er, we observ ed negligible differ ences in r aw ma pping statistics
egardless of whether the Angus or Br ahman r efer ence genomes
er e used. Additionall y, the global methylation quantification 

ias observed was less than 2%, depending on the r efer ence
enome used. This quantification bias is lo w er than the 7% to
% quantification bias found in the mouse genome, depending on
he r efer ence genome used [ 15 ]. The extent of this bias is influ-
nced by the div er gence between r efer ence genomes and whether
he breed-specific CpGs tend to be hypo- or h ypermeth ylated.
rahman and Angus have a CpG divergence of ∼4%, whereas the
ouse genomes analyzed by Wulfridge et al. [ 15 ] had a CpG di-
 er gence of 10.7%. The bias we observed was greatest in the BTBT
amples when the Brahman genome was used as the r efer ence,
ost likely because the Angus-specific CpG sites tended to be hy-

ermethylated. Conv ersel y, the quantification bias w as lo w er in
he other genetic gr oups, possibl y due to the h ypometh ylation in
rahman-specific CpG sites. 

Spontaneous deamination of methylated CpG to TpG is the 
ost common dinucleotide mutation in the mammalian genome 

 40 , 41 ]. We observed around 81% of SNPs between Brahman and
ngus as being C-T or G-A m utations. A r ecent study observed
4,677 SNPs affecting CpG sites between indicine and taurine 
enomes [ 67 ]. The difference in the number of SNPs between the 2
tudies is likely due to Capra et al. [ 67 ] having used reduced repre-
entation bisulfite sequencing with substantially lo w er coverage 
han the present study and that they only considered SNPs that
ffected CpG sites. When differential methylation analysis is per- 
ormed, a breed that has lost the C (mutated to T) will be reported
s having 0% methylation at that site when, in fact, there is no
pG pr esent. This incorr ect identification of an unmethylated site
an then se v er el y impact the inter pr etation of results. 

SVs have been associated with various traits in humans, in-
luding HIV-1 susceptibility [ 68 ], autism [ 69–71 ], and carcinogen
etabolism [ 72 ]. In liv estoc k, SVs hav e been implicated in diverse

r aits r anging fr om horn (polled) status [ 73 , 74 ] to bulldog calf syn-
rome [ 75 ]. The SVs between Brahman and Angus have signifi-
antl y mor e CpGs than the bac kgr ound genome, potentiall y in-
roducing CpGs with important regulatory effects. Ho w ever, due
o their presence in only 1 subspecies, a single r efer ence genome
ill fail to account for these breed-specific CpG sites . T herefore ,

he phenotypic differences between the 2 breeds may be influ-
nced by CpGs that cannot be compared accurately with a single
 efer ence genome if they are in breed-specific regions. 

We observed relatively few changes in methylation direction,
nd these were likely to be an artifact of how the genome was
iled and possible erroneous alignments in the coordinate conver- 
ion. A common step of some DMR callers is to perform window
iling of the genome to identify DMRs or to enable analysis when
ov er a ge is low [ 76–78 ]. SNPs and SVs can potentially complicate
nalyses when genome tiling is used to identify DMRs, as a sin-
le r efer ence genome cannot account for these variants. Although
e observed no directional changes when considering DMCs, it is
ossible that SNPs impacting CpGs in otherwise shared regions 
ffected the quantification of DMRs . For example , MethylKit uses
 genome tiling a ppr oac h to identify DMRs, and so any mutation

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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hat impacts a CpG site, particularly spontaneous deamination (C
 T), is likely to erroneously identify a region as h ypometh ylated

n the group that has the spontaneous deamination when, in fact,
o CpG exists in that gr oup. As suc h, r esearc hers should be careful
hen using genome tiling in methylation analyses that compare
r eeds, str ains, or populations. Mor eov er, we demonstr ated se v-
ral CpG sites that appear sensitive to reference genome choice,
iffering by more than 10% between the 2 genomes. Addition-
ll y, we demonstr ated that m ultiple 100-kb r egions ar e differ en-
ially methylated between the genomes when using a single group
f samples. It is likely that these CpG sites and variable regions
ould confound downstream analysis, especially if they overlap
ith regions of interest, such as cis -regulatory elements . T hus , this
emonstrates that quantification bias can remain even when at-
empting to control for reference genome differences. 

While DNA methylation analyses between breeds and strains
r e c hallenging, exciting solutions ar e on the horizon. Indeed, with
ong-read sequencing like Oxford Nanopore becoming more cost-
ffecti ve and gi ven it has the ability to ca ptur e DNA methylation
ith no additional sample pr epar ation, it is m uc h mor e likel y that
 esearc hers will be able to follow the recommendations of Wul-
ridge et al. [ 15 ] and examine DNA methylation of individuals with
ersonalized r efer ence genomes. Long-r ead sequencing has the
otential to simplify DNA methylation analyses of diverse popu-

ations substantially. 
Most DMRs identified in this study did not ov erla p with DEGs.

o w e v er, of the DEGs that ov erla pped with a DMR, there was a
endency for the ov erla p to occur more frequently in the putative
nhancer region than in promoters or DEG bodies . T his trend sug-
ests that differential methylation of enhancers may impact gene
xpr ession differ ences in bovine fetal liver. Indeed, a growing body
f evidence suggests that enhancer methylation is important in
mbryonic and fetal de v elopment [ 63 , 79–81 ]. 

Ther e wer e mor e significant DEGs when ma pping to the An-
us r efer ence than the Br ahman r efer ence. Inter estingl y, genes
hat were differentially expressed (DE) using the Brahman refer-
nce were not always DE when using the Angus reference . T he
hoice of reference genome has been shown to impact differen-
ial expr ession anal ysis in rice [ 82 ], bacteria [ 83 ], and human [ 84 ,
5 ] when using short-read RNA sequencing (RNA-seq). When the
 efer ence genome better r epr esents the individuals being studied,
or e r eads can be uniquely aligned to the corr ect position, pr o-

iding a more accurate estimate of gene expression. 
We identified se v er al inter esting DEGs associated with DMRs,

articularly imprinted genes. Among these was DGAT1 , which is
nvolved in fat metabolism in milk production [ 86 ], feed conver-
ion, and adipogenesis [ 86 , 87 ]. Se v er al studies hav e inv estigated
he role of DGAT1 in weight gain [ 88 , 89 ]; expression of DGAT1
s necessary for weight gain, especially when the caloric density
f food is high [ 89 ]. We found differential expression of DGAT1 ,
ith higher expression in Brahman than Angus (BIBI vs. BTBT) and
hen Brahman was the sire (BIBI, BIBT vs. BTBT, BTBI). Taken to-

ether, the comparison of the breed and sire of origin suggests that
he breed of the sire may be an important determinant in the ex-
ression of this gene. Higher DGAT1 expression may result from
daptation to poor feed quality; for example, Elzo et al. [ 90 ] ob-
erved better feed conversion efficiency in Brahman compared to
ngus and Brahman × Angus cattle. Regulation of DGAT1 expres-
ion may occur via DNA methylation, as there is a DMR ∼42 kb
ownstream of the transcription start site, which was identified

n both the breed-specific and SOE comparisons. 
P ar ent-of-origin DMRs may change how cis -regulatory ele-

ents interact with target genes and influence gene expression
n the offspring [ 45 , 91 ]. It has been observed that parent-specific
ethylation can alter the cis -regulatory landscape around certain

enes, such as IGF 2 [ 92 , 93 ]. DMRs may influence the DEGs and, ul-
imatel y, help driv e the differ ences in phenotype. Ho w e v er, to con-
dently assign gene expression and DMRs to a particular parent,

ong-read sequencing [ 94 ] is needed to identify variations that link
he sequences to the parent of origin. Additionally, the use of re-
ipr ocal cr osses will enable one to inv estigate if a combination of
reed and sex of the parent impacts which transcript is expressed.

SNPs and SVs have been shown to complicate and bias analy-
es in se v er al studies [ 15 , 82–85 ]. In our anal ysis, we observ ed an
nrichment of SNPs affecting CpGs between Brahman and Angus.
a pr a et al. [ 67 ] also reported a higher frequency of breed-specific
NPs around DMCs in a study of indicine and taurine cattle . T his
nding suggests that genetic differences between the 2 breeds
ay contribute to epigenetic variations. Using individual animal

enomes in the study to account for genetic variations, as Wul-
ridge et al. [ 15 ] suggested, would enhance the accuracy for each
ndividual. Ho w e v er, despite decr easing sequencing costs, the cost
ill likely be prohibitive in most liv estoc k contexts. A possible so-

ution was explored in a recent study comparing methylation in
aurine and indicine cattle [ 67 ]. Here, the authors used genotyping
y sequencing to exclude SNPs affecting CpG sites from the anal-
sis [ 67 ]. While this simplifies downstream analysis, it may also
 emov e CpGs involv ed in the phenotypic differences between the
 br eeds, r epr esenting a limitation of the present study and that
f Ca pr a et al. [ 67 ]. An alternativ e a ppr oac h to using single r efer-
nce genomes is the utilisation of pangenomes, which encompass
he majority of variations within the population [ 20 , 95 ]. This fea-
ur e is particularl y important in the context of DNA methylation
tudies wher e, demonstr ated in our study, SNPs at CpG sites can
xert substantial effects on local methylation information. 

onclusions 

his study generated a substantial WGBS dataset derived from
 phenotypically diverse cattle breeds that are re presentati ve of
he 2 cattle subspecies and highlighted the importance of refer-
nce genome choice in methylation analyses. Our findings suggest
hat the DMRs may primarily exert their influence on enhancer
lements rather than promoters. We also identified 11 genes that
ight be under DMR contr ol. The r esults underscor e the adv an-

ages of using the appropriate reference genome for the dataset
nd provide additional evidence supporting the incorporation of
enome gr a phs to impr ov e anal yses of populations with high ge-
etic div er gence. 

ethods 

tudy animals and sample collection 

ll animal experiments and pr ocedur es described in this study
omplied with Australian guidelines , were appro ved by the Uni-
ersity of Adelaide Animal Ethics Committee, and follo w ed the
RRIVE (Animal Research: Reporting of In Vivo Experiments)
uidelines [ 96 ] (Appr ov al No. S-094-2005). Liv er tissue samples

r om concepti wer e the same as those described in Liu et al. [ 97 ].
riefly, the parents were purebred Angus ( B. t. taurus ) and purebred
r ahman ( B. t. indicus ), her ein denoted as BT and BI. Fetuses wer e
ired by 3 BTBT bulls and 2 BIBI bulls. Primiparous females and
heir fetuses were ethically sacrificed at day 153 ± 1 of gestation.
oncepti were dissected and tissue samples snap-frozen in liq-
id nitrogen and stored at −80 ◦C until further use. Liver samples
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from 3 female and 3 male individuals fr om eac h of the 4 genetic 
combinations (BT × BT, BT × BI, BI × BT, and BI × BI) were used. 

DN A extr action and sequencing 

DN A w as extracted from frozen fetal liver tissues using the 
Qiagen ® Dneasy ® Blood & Tissue Kit following the manufac- 
turer’s instructions and sent to BGI for WGBS library prepara- 
tion and sequencing. Bisulfite conversion was performed using 
the Zymo Research™ ( RRID:SCR _ 008968 ) EZ DNA Methylation™—
Gold Kit (D5005). All samples were sequenced in a single batch,
and each sample was sequenced to ∼30 × cov er a ge using the BGI 
DNB-seq. 

RN A w as extr acted fr om fr ozen fetal liv er tissues using 
Illumina ® ( RRID:SCR _ 010233 ) RiboZero Gold kits following the 
manufacturer’s instructions and prepared for Illumina RNA-seq 

short-read sequencing. The RNA-seq protocol and data availabil- 
ity (GEO accession number: GSE148909) have been described in 

our pr e vious work [ 97 ]. 
The same tissue samples were used in both the RNA-seq and 

WGBS. Individual sample names and their corresponding genetic 
gr oup ar e giv en in Supplementary Table S11 . 

WGBS mapping 

WGBS r eads wer e ma pped using the MethylSeq Nextflow pipeline 
(v. 1.6.1) [ 98 ] with the “—zymo” trimming parameter. The reads 
wer e first c hec ked for quality with FastQC (v. 0.11.9) ( RRID:SCR _ 
014583 ) [ 99 ], then adapters were trimmed using Trim Galore (v.
0.6.6) ( RRID:SCR _ 011847 ) [ 100 ], and the r eads wer e r eassessed for 
quality posttrimming. Trimmed reads passing q ≥ 20 were mapped 

to the Brahman (GCA_003369695.2) and Angus (GCA_003369685.2) 
genomes [ 39 ] using BWA-Meth (0.2.2) (arXiv:1401.1129). The non- 
pseudo-autosomal region of the Angus Y c hr omosome was added 

to the Brahman reference . T his step enabled us to include the 
Y c hr omosome sequence while avoiding duplication of the pseu- 
doautosomal region. Both Brahman and Angus chromosome se- 
quences were reorientated to match the orientation of ARS- 
UCD1.2 c hr omosomes [ 101 ]. After sorting the alignment files 
with SAMtools (v. 1.11) ( RRID:SCR _ 002105 ) [ 102 ], duplicates were 
marked with Picard (v. 2.25.4) ( RRID:SCR _ 006525 ) [ 103 ]. Bam file 
quality control was performed with the bamqc function from 

QualiMap (v. 2.2.2d) ( RRID:SCR _ 001209 ) [ 104 ] by setting the “- 
gd” parameter to HUMAN. Methylation calls were extracted us- 
ing MethylDackel (v. 0.5.2) [ 105 ] extract with the parameter “—
minDepth 10” and output in MethylKit [ 76 ] format (“—methylKit”) 
and a more generic cytosine re port (“—cytosine_re port”). In-house 
scripts were used to convert the MethylDackel output for use with 

DNMTools [ 106 ] (see [ 107 ]). All samples had a bisulfite conversion 

efficiency of > 99%. All downstream analyses only used CpGs from 

autosomes with ≥10 × cov er a ge. 

Identification of shared and breed-specific CpG 

sites 

For a given autosome, we extracted 1,000 bp around all CpGs 
that were not in the first 500 bp or last 500 bp of the c hr omo- 
some; this yielded sequences that were 1,002 bp long. We then 

mapped the 1,002-bp CpG sequences from one subspecies to the 
r efer ence of the other. We used minimap2 (v. 2.24) [ 59 ] with the 
“ma p-hifi” pr eset to align CpGs from a given chromosome in one 
breed to the same chromosome in the other breed; alignments 
were sorted using SAMtools (v 1.11) [ 102 ]. Once the long sequences 
w ere aligned, w e filtered the B AM file and considered all align- 
ments where at least 900 bp were successfully aligned to the ref- 
rence. We then used the Align pac ka ge fr om BioPython (v 1.80)
 RRID:SCR _ 007173 ) [ 108 ] to perform a local alignment between
he 102-bp sequences taken from the midpoint of the query and
 efer ence. We then r ecorded whic h CpG sites wer e shar ed be-
ween Brahman and Angus, which CpG sites differed, and which
ould not be aligned during the initial minimap2 alignment step
 Supplementary Table S6 ). We performed subsequent analyses us-
ng all CpGs present on the autosomes for each reference and
gain using only the shared CpGs that passed the ≥10 × coverage
riteria. The CpG sites that could not be aligned in the initial align-
ent step with minimap2 (i.e., a genomic region that is present in

ne breed but missing in the other breed) or constituted a SNP
er e consider ed br eed-specific CpG sites. All steps described in

his section were performed for both Brahman and Angus refer-
nce genomes. 

dentification of SNPs and SVs between genomes 

o determine the accuracy of minimap2 alignments in identify- 
ng SNPs between the Brahman and Angus genomes, we first in-
r oduced artificial m utations into eac h genome using SNP Mu-
ator [ 109 ]. The Angus and Brahman genomes have previously
een reported to differ by ∼1% [ 39 ]. T herefore , to determine how
ell minimap2 alignments can be used to detect SNPs between 

equences that are divergent by ∼1%, we first simulated muta-
ions in each autosome for both species. For example, c hr omo-
ome 1 in the Angus r efer ence genome is 157,005,132 bp long,
o we set the number of substitutions to 1,570,051 SNPs. In ad-
ition, the random seed was set to 12, and the number of times
ach autosome was mutated was set to 1. We repeated this for
ll autosomes in the Brahman and Angus genomes, adjusting the
umber of SNPs to maintain the 1% div er gence in eac h autosome.
e then mapped the mutated autosomal sequence to the orig-

nal sequence for each autosome and breed, giving us 58 “repli-
ates.” Alignments from minimap2 [ 59 ] were used as input to
AFtools, which was used to identify variants between the orig-
nal and mutated sequences . T he minimap2 mapping parame- 
ers used were “-x asm10, -c, –cs,” follo w ed b y PAFtools “call –f , ”
here the file provided to the –f argument was the original, un-
 utated autosomal sequence. Minima p2 and PAFtools sho w ed a
ean accuracy of ∼99% across the 58 autosomes, suggesting a

ood ability to identify SNPs between the 2 breeds ( Supplementary
able S15 ). We then aligned each autosome from Brahman to
ac h autosome fr om Angus, using minima p2 with the par ame-
ers “-cx asm10” and “—cs .” T he output from minimap2 was then
sed as the input to the paftools.js call with the parameter “-
 < r efer ence_autosome.fa > ,” wher e r efer ence_autosome.fa r efers
o the autosome that was supplied first to minimap2 (i.e., the ref-
rence sequence, not the query). We then used the output VCF
les to determine the SNP and SVs between the 2 genomes. 

NP and SV enrichment 
o determine whether CpGs were significantly impacted by SNPs,
e identified all SNPs between Brahman and Angus that impacted
 CpG site. As Brahman autosomes were used as the r efer ence to
inimap2, we used the coordinates of all CpGs within the Brah-
an genome to identify which SNPs in the VCF file had altered
 CpG site. We constructed 2 × 2 contingency tables to perform
 c hi-squar e test of independence per c hr omosome to determine
hether CpGs had a higher likelihood of being affected by a SNP

han non-CpGs . T he 4 categories w ere “CpG affected b y SNP,” “non-
pG affected by SNP,” “unaffected CpG,” and “unaffected non- 

https://scicrunch.org/resolver/RRID:SCR_008968
https://scicrunch.org/resolver/RRID:SCR_010233
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://scicrunch.org/resolver/RRID:SCR_014583
https://scicrunch.org/resolver/RRID:SCR_011847
https://scicrunch.org/resolver/RRID:SCR_002105
https://scicrunch.org/resolver/RRID:SCR_006525
https://scicrunch.org/resolver/RRID:SCR_001209
https://scicrunch.org/resolver/RRID:SCR_007173
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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pG . ” We then adjusted the P -values to correct for multiple testing
sing the Benjamini–Hoc hber g corr ection pr ocedur e. 

To assess whether CpGs wer e significantl y enric hed within SVs
dentified between the 2 genomes, we counted the number of
pG dinucleotides occurring within SV sequences and compared

hat against the number of CpGs that occurred in non-SV regions.
o determine the probability of a CpG occurring outside an SV,
e first identified the SV coordinates from the VCF file produced
y PAFtools and constructed a bed file of SVs for each reference
enome. Next, we used BEDTools [ 110 ] to generate coordinates
f the complementary regions (i.e., the non-SV regions of each
enome). We then extracted the fasta sequence of these regions
or each genome. We then counted the number of CpGs that oc-
urred in these regions on each chromosome and divided them
y the combined length of all SVs on the given chromosome to
etermine the proportion of CpGs occurring in the SV regions;
his value was added to a vector. We repeated this for CpGs oc-
urring in non-SV regions, adding the proportions to a difference
ector. With these 2 vectors, we then performed a Mann–Whitney
 test to determine whether SVs wer e mor e likel y to intr oduce
pGs than non-SV regions. 

etermining quantification bias between 

enomes 

o determine whether there was a significant quantification bias
etween the Brahman and Angus r efer ence genomes for a given
ample, we compared the vector of all CpG sites with at least
0 × cov er a ge when ma pped to Angus in sample I against the vec-
or of all CpG sites with at least 10 × cov er a ge when ma pped to
r ahman. To ensur e the v ectors wer e equal, we r andoml y sub-
et the lar ger v ector to be the same length as the smaller, that
s, if the Brahman reference genome had more CpG sites with
0 × cov er a ge for that sample, the Br ahman v ector was r andoml y
ubset to match the number of CpG sites in the Angus vector
or that sample. We repeated this for all samples using all CpGs
nd again with just the CpG sites marked as shared (Table 3 ;
upplementary Table S8 ). We then pooled all CpG sites for each
ample within a group (e.g., all samples from BTBT) and deter-
ined whether the CpG methylation differ ed significantl y for that

r oup when ma pped to Angus and Br ahman. The P -v alue was de-
ermined using a Wilcoxon rank sum test and adjusted for mul-
iple testing using the Benjamini–Hoc hber g pr ocedur e. We iden-
ified variable CpGs by matching the shared CpGs between refer-
nce genomes and then identifying those with an absolute methy-
ation difference greater than 10%. 

To further assess the presence of a quantification bias, we gen-
r ated non-ov erla pping windows of both Angus and Brahman ref-
rence genomes with a length of 100 kb. We then aligned these
00-kb sequences to the opposite r efer ence genome with “min-
map2 –t 8 –c –x map-ont.” We then used the output PAF files
o identify homologous 100-kb windows from each genome. We
xtracted the methylation values from each window for a given
r oup when ma pped to eac h genome . For example , consider ho-
ologous region “A” (HR-A), identified between the Angus and

r ahman r efer ence genomes. To identify whether this r egion ex-
ibits differential methylation between reference genomes and
hus exhibits quantification bias, we quantified all methylation
alues that fell within the Angus coordinates of HR-A using the
ethylation values for BTBT samples mapped to the Angus refer-

nce. We then quantified the methylation values that fell within
he Brahman coordinates of HR-A using the methylation values
or BTBT samples mapped to the Brahman reference . T his ga ve
 vectors of methylation values, which were then used as input
o a Wilcoxon signed-rank test to determine whether the methy-
ation values in this region were significantly different between
enomes . T he Benjamini–Hoc hber g false discov ery pr ocedur e was
sed to adjust for multiple testing. This was repeated for each of
he 4 groups. 

dentification of differentially methylated regions 

he methylKit pac ka ge (v. 1.22.0) [ 76 ] was used to identify DMRs
etween breed and POE groups . We in vestigated breed effects by
omparing BIBI samples with BTBT samples, maternal effects by
omparing samples with BIBI dams (BIBI; BTBI) and those with
TBT dams (BTBT; BIBT), and paternal effects by comparing sam-
les with BIBI sires (BIBI; BIBT) to those with BTBT sires (BTBT;
TBI) ( Supplementary Table S16 ). The r efer ence gr oup was al ways
he breed that matched the reference genome. For example, when
IBI and BTBT WGBS r eads wer e aligned to the Br ahman r efer ence
enome, BIBI samples were treated as the control group and BTBT
s the treatment group. 

We follo w ed the pipeline described by the methylKit authors for
MR analysis [ 76 ]. Briefly, we only considered CpGs that were iden-

ified as shared. We then r emov ed all CpG sites with less than 10 ×
ov er a ge and more than the 99.9th percentile of cov er a ge. Reads
ith too high cov er a ge (e.g., fr om PCR duplication bias) can impair

he accurate determination of the methylation percentage at that
ite and is a recommended preprocessing step for the methylKit
 76 ]. We then normalized the cov er a ge using the default methylKit
ormalization strategy. We merged the CpG counts per group us-

ng the “unite” function with “destrand = T” and “min.per.group =
L” so that a given CpG site had to be cov er ed by at least 10 reads
n 5 out of 6 samples per group. For the parent of origin DMR anal-
ses, we set “min.per.group = 10L.”

We then identified differ entiall y methylated cytosines between
roups using the “calculateDiffMeth” function, with sex as a
ovariate in the model. To determine differentially methylated
egions, we used the “tileMethylCounts” function with default
arameters to divide the genome into regions for differential
ethylation analysis . T his step allo w ed methylKit to divide the

enome into non-ov erla pping r egions based on the tiling windows.
ethylKit then models the methylation at a given cytosine or re-

ion by fitting a logistic r egr ession: 

log 
(

P i 
1 − P i 

)
= β0 + β1 ∗ T i + a sex ∗ Se x i 

P i denotes the methylation proportion for sample i in samples
,…, n , where n is the number of samples across both groups in the
omparison [ 76 ]. T i r epr esents the gr oups (0 for contr ol, 1 for tr eat-
ent). β0 denotes the log odds of the contr ol gr oup (fr action of

 eads r eporting C/1 – the fr action of r eads r eporting C). β1 denotes
he log odds ratio between the control and treatment. αsex denotes
he parameter for the sex covariate and Se x i denotes the sex (0 =

ale; 1 = female) for sample i . For further details, refer to Akalin
t al. [ 76 ]. This design resulted in 6 different logistic models being
t: model 1A (breed comparison when aligned to the Angus refer-
nce), model 1B (breed comparison when aligned to the Brahman
 efer ence), model 2A (dam of origin comparison when aligned to
he Angus r efer ence), model 2B (dam of origin when aligned to the
r ahman r efer ence), model 3A (sir e of origin when aligned to the
ngus r efer ence), and model 3B (sir e of origin when aligned to the
r ahman r efer ence) ( Supplementary Table S16 ). An y DMRs identi-
ed were either hypo- or hypermethylated with respect to the con-
r ol gr oup. We r etained all DMRs with a differ ence in methylation

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
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of ≥10% and a q -value of ≤0.01 for further analysis . T he q -values 
were obtained using the sliding linear model (SLIM) method [ 111 ].
We repeated this pipeline to identify DMCs, with the exclusion of 
the tiling step. An ov ervie w of the samples, r efer ence genomes,
types of CpGs, and DMR analysis is given in Fig. 1 A–G. 

DMR coordinate conversion 

To determine if a given DMR changed methylation direction be- 
tw een genomes, w e had to convert the coor dinates of DMRs iden- 
tified by alignment with the Angus genome to Brahman coordi- 
nates and vice versa. We considered a DMR as changing methyla- 
tion direction if, for example, it is h ypometh ylated in BIBI samples 
compared to BTBT samples when using the Brahman reference 
but becomes h ypermeth ylated in BIBI using the Angus r efer ence 
genome . To in vestigate this , we first con verted the DMR bed files 
to GTF files and then used Liftoff (v.1.6.2) [ 112 ] to transfer coor- 
dinates from one reference genome to the other. We then iden- 
tified DMRs r ecipr ocall y ov erla pping one another by at least 90% 

between the 2 genomes, with these DMRs being considered suc- 
cessfull y lifted ov er. DMRs that did not ov erla p b y 90% w ere not 
considered for the methylation direction change analysis. 

RNA-seq mapping and preprocessing 

RN A-seq reads w ere mapped to the Brahman and Angus genomes 
as in the WGBS mapping step. Briefly, reads were checked for qual- 
ity using FastQC (v. 0.11.4) [ 99 ] before being trimmed with Trim 

Galore (v. 0.4.2) [ 100 ] with the parameters “–quality 10” and “–
length 100.” Reads were mapped using HiSAT2 (v. 2.1.0) to both 

the Brahman and Angus reference genomes [ 39 ]; alignment files 
were sorted using SAMtools (v. 1.10) [ 102 ]. FeatureCount from the 
Rsubr ead pac ka ge (v. 2.10.5) [ 113 ] w as used to count ho w many 
r eads ma pped to genes. 

Differential gene expression 

Differential gene expression analysis was performed using an in- 
house R script with the DESeq2 (v. 1.40.2) [ 114 ] R pac ka ge . T he 
genome annotation was based on Ensembl v.104 for Brahman and 

Angus . T he orientation of the genes was r e v ersed wher e necessary 
to correspond with the orientation of the chromosomes of ARS- 
UCD1.2. In the br eed comparison, wher e the number of samples 
in each group was 6, we retained genes that had a count ≥10 in at 
least 3 samples. In the POE comparisons, we retained genes that 
had a count ≥10 in at least 6 samples . T he group mean param- 
eterization method was used to identify differ entiall y expr essed 

genes between groups with the following model design: “∼0 + Ge- 
netics + Sex + Batch” [ 97 ]. DESeq2 then estimated size factors and 

dispersion and finally fit a negative binomial generalized linear 
model to identify DEGs. We then compared differential gene ex- 
pr ession between pur ebr ed Angus and Br ahman, Angus dams and 

Brahman dams, and Angus sires and Brahman sires. Genes with 

significant differences in gene expression at an adjusted P ≤ 0.05 
wer e r etained for further anal ysis. 

Furthermore, we performed canonical correlation analysis 
(CCA) to estimate the canonical correlation between the gene ex- 
pression and methylation data. The first 5 canonical correlations 
were > 0.7 with P < 0.05 ( Supplementary Table S17 ). 

Identifying imprinted genes 

We downloaded a list of genes with evidence of imprinting in hu- 
man, mouse, and cattle from Morison et al. [ 115 , 116 ]. We then 

used OrthoFinder ( RRID:SCR _ 017118 ) to identify human orthologs 
of both Brahman and Angus genes [ 117 ], allowing us to assign 
uman Genome Organisation Gene Nomenclature Committee 
HGNC) symbols to genes in eac h br eed. To do this, we first iden-
ified which Brahman proteins had orthologs in human. We then
dentified the genes that encoded these proteins and used this in-
ormation to assign human and Brahman genes as orthologs. We
 epeated the pr ocess for the Angus genes. We then identified all
enes that could be assigned an HGNC symbol from the Brahman
nsembl annotation version 104 that were also present in the im-
rinted gene list ( Supplementary Table S18 ). This filtering gave us
0 imprinted genes for Brahman autosomes. We repeated the pro-
ess for Angus using the Angus Ensembl annotation version 104
nd identified 79 imprinted genes . T he discrepancy is due to 1 im-
rinted gene for Angus occurring on an unplaced scaffold. 

inking DMRs to DEGs 

or each DEG, we considered 5 different regions in and around
he gene where DMRs might have an influence . T hese regions in-
luded putative enhancer regions, 5 kb outside the gene body, and
he gene body itself ( Supplementary Fig. S3 ). The upstream pu-
ativ e enhancer r egion started 130 kb upstream of the gene and
hen stopped 5 kb upstream of the gene body for a total length of
25 kb. We repeated this for the downstream putative enhancer
egion, starting 5 kb downstream of the gene body and extend-
ng out 125 kb. This number was based on the median distance
etween enhancers and their gene targets [ 118 ]. The 5-kb region
as from upstream of the start of the gene body to the start of

he gene body. Again, this was repeated for the downstream 5-kb
egion. The gene body was the region annotated as “gene” in the
nsembl annotation file. We then found all DMRs that ov erla pped
hese regions by at least 90% of their length using “bedtools inter-
ect” with the “-f” and “-F” arguments, both set at 0.9 and the “-e”
rgument set to True. 

vailability of Source Code and 

equirements 

Project name: Brahman_Angus_WGBS 
Pr oject homepa ge: https://github.com/DaviesCentr e 

nformatics/Brahman_Angus_WGBS 
Operating system(s): Linux and MacOS 
Pr ogr amming langua ge: Python, R 

Other r equir ements: NA 

License: MIT 

An y r estrictions to use by nonacademics: No r estrictions 
RRID: NA 

bio.tools ID: NA 

dditional Files 

dditional File 1. Supplementary figures referred to in the main
ext. 
dditional File 2. WGBS mapping statistics. 
dditional File 3. Table describing the number of CpGs in each
 efer ence and what percentage of those have 10 × co verage . 
dditional File 4. Mean global CpG cov er a ge. 
dditional File 5. Global CpG methylation. 
dditional File 6. Methylation of CpGs in different genomic re-
ions. 
dditional File 7. Alignment statistics of cr oss-r efer ence genome
pG mapping. 
dditional File 8. SNP and SV enrichment at CpG sites. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://scicrunch.org/resolver/RRID:SCR_017118
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae061#supplementary-data
https://github.com/DaviesCentreInformatics/Brahman_Angus_WGBS
https://scicrunch.org/resolver/RRID:
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dditional F ile 9. Meth ylation quantification bias between
enomes. 
dditional File 10. Table containing the variable CpG sites be-

ween the genomes. 
dditional File 11. Table of differ entiall y methylated r egions that
xhibited direction changes. 
dditional File 12. The 100-kb windows that display quantifica-

ion bias when mapped between the 2 genomes. 
dditional File 13. Number of DMRs in each comparison. 
dditional File 14. Number of up- and downregulated genes in
ach comparison. 
dditional File 15. DMR–DEG ov erla p after normalizing for length.
dditional File 16. Minima p2 accur acy in detecting SNPs intro-
uced to the r efer ence genome. 
dditional File 17. Sample information. 
dditional File 18. Results from the canonical correlation analy-
is. 
dditional File 19. List of imprinted genes. 
upplementary Fig. S1. Corr elation heatma ps of all 24 samples
apped to Brahman and Angus reference genomes. Left: Corre-

ation heatmap for all 24 samples when mapped to the Brah-
an r efer ence and using all CpGs with ≥10 × cov er a ge in all sam-

les. Darker colors denote lo w er corr elation. Right: Corr elation
eatmap for all 24 samples when mapped to the Angus r efer ence
sing all CpGs with ≥10 × cov er a ge in all samples. Darker colors
enote lo w er correlation. Dark blue denotes BTBT samples, c y an
enotes BTBI samples, green denotes BIBT samples, and orange
enotes BIBI samples. 
upplementary Fig. S2. Number of C > T, G > A, and other SNPs
etween Brahman and Angus reference genomes. Horizontal bar
r a ph showing the number of SNPs that affected a CpG site. Most
 ∼81%) SNPs that occur in the CpG site are either C > T or G > A
ith other alterations making up ∼19% of SNPs. 
upplementary Fig. S3. Comparison of global methylation per
ample when mapped to Angus and Brahman reference genomes.
A) Strip plot showing difference in global methylation between
ach sample when mapped to Angus vs. Br ahman r efer ence
enomes. Each sample is denoted by a different color. Each panel
 epr esents one of the genetic groups in the order BTBT, BTBI, BIBT,
nd BIBI. The x-axis denotes the r efer ence genome and the y-axis
enotes the global methylation. (B) Same as A except only shared
pG sites were considered. 
upplementary Fig. S4. Two-dimensional KDE plots of shared
pG methylation variation. KDE plots comparing methylation
f a given CpG site when mapped to Angus (x-axis) compared
o the methylation of that CpG site when mapped to Brahman
y-axis). This is using all CpG sites that passed our filtering
riteria. 
upplementary Fig. S5. Gr a phical r epr esentation of searc h r egion.
or each feature labeled as “gene” in the GTF files for Brahman and
ngus, we took 130 kb either side of the gene body. The outermost
 egion in gr een r epr esents the putativ e enhancer r egions; these
ere 125 kb in length, regardless of the size of the gene body. Next
ere the 5-kb regions, which extended 5 kb up or downstream of

he gene body . Lastly , the gene bod y was k e pt as the length that it
as in the GTF file. 

bbreviations 

IBI: Brahman sire and Brahman dam; BIBT: Brahman sire and
ngus dam; BTBI: Angus sire and Brahman dam; BTBT: Angus
ire and Angus dam; CCA: canonical correlation analysis; CpG:
ytosine phosphodiester-linka ge guanine; DEGs: differ entiall y ex-
r essed genes; DGAT1 : diacylgl ycer ol O-acyltr ansfer ase 1; DSCAM :
S cell adhesion molecule; HGNC: Human Genome Organisation
ene Nomenclature Committee; HTR2A : 5-hydroxytryptamine

eceptor 2A; IGF2 : insulin-like growth factor 2; indel: inser-
ion/deletion; LIN2B : Lin-28 homologous B; MKRN3 : Makorin ring
nger protein 3; NDN : necdin MAGE family member; NNAT : neu-
 onatin; PARD6G : P ar-6 famil y cell polarity r egulator gamma; POE:
arent-of-origin effect; PPP1R9A : protein phosphate 1 regulatory
ubunit 9A; SLC22A1 : Solute-carrier family 22 member 18; SNP:
ingle nulceotide pol ymor phism; SV: structur al v ariant; TFPI2 : tis-
ue factor pathway inhibitor 2; TpG: thymine phosphodiester-
inkage guanine; UTR: untranslated region; WGBS: whole-genome
isulfite sequencing; ZC3H12C : zinc finger CCCH-type containing
2C. 
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