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Putative bovine topological association
domains and CTCF binding motifs can
reduce the search space for causative
regulatory variants of complex traits
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Abstract

Background: Topological association domains (TADs) are chromosomal domains characterised by frequent internal
DNA-DNA interactions. The transcription factor CTCF binds to conserved DNA sequence patterns called CTCF
binding motifs to either prohibit or facilitate chromosomal interactions. TADs and CTCF binding motifs control
gene expression, but they are not yet well defined in the bovine genome. In this paper, we sought to improve the
annotation of bovine TADs and CTCF binding motifs, and assess whether the new annotation can reduce the
search space for cis-regulatory variants.

Results: We used genomic synteny to map TADs and CTCF binding motifs from humans, mice, dogs and macaques
to the bovine genome. We found that our mapped TADs exhibited the same hallmark properties of those sourced
from experimental data, such as housekeeping genes, transfer RNA genes, CTCF binding motifs, short interspersed
elements, H3K4me3 and H3K27ac. We showed that runs of genes with the same pattern of allele-specific expression
(ASE) (either favouring paternal or maternal allele) were often located in the same TAD or between the same
conserved CTCF binding motifs. Analyses of variance showed that when averaged across all bovine tissues tested, TADs
explained 14% of ASE variation (standard deviation, SD: 0.056), while CTCF explained 27% (SD: 0.078). Furthermore, we
showed that the quantitative trait loci (QTLs) associated with gene expression variation (eQTLs) or ASE variation
(aseQTLs), which were identified from mRNA transcripts from 141 lactating cows’ white blood and milk cells, were
highly enriched at putative bovine CTCF binding motifs. The linearly-furthermost, and most-significant aseQTL and
eQTL for each genic target were located within the same TAD as the gene more often than expected (Chi-Squared
test P-value < 0.001).

Conclusions: Our results suggest that genomic synteny can be used to functionally annotate conserved transcriptional
components, and provides a tool to reduce the search space for causative regulatory variants in the bovine genome.
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Background
Identifying causal mutations is essential for improving
the accuracy and reliability of genomic selection [1].
This identification task is challenging because the large
scale linkage disequilibrium and small effects of most
mutations in the bovine genome can drive a false discov-
ery in a genome-wide association study (GWAS) [2]. To
distinguish the causal mutations from noise, gene expres-
sion can be utilised to identify genomic loci that shape the
trait of interest. An expression quantitative trait locus
(eQTL) is a heterozygous locus that is associated with total
changes in a gene’s expression in a group of individuals. An
allele-specific expression quantitative trait locus (aseQTL)
is a heterozygous locus that explains allele-specific expres-
sion of a particular gene transcript in a group of individuals.
Here, the heterozygous locus is called eSNP or eVariant,
and the gene that displays expression variation is called
eGene [3–7]. Both aseQTL and eQTL mappings require
high computational capacities to test association between
any eSNP and any eGene genome-wide. To reduce the
computing time and space, we propose to take into account
the transcriptional regulatory structure that confines the
scope of chromosomal interactions, so we may only need
to test cis-association between eSNPs and eGenes under
the same transcriptional control.
Topological association domain (TAD) is a type of

regulatory structure that has never been described in the
bovine genome. TADs are empirically defined from data
that are produced from Hi-C or other chromatin con-
formation capture technologies [8–13]. TADs partition
the genome by contact frequencies, where chromosomal
regions within the same domain self-interact much more
frequently than between domains. TADs are highly con-
served between cell types and species [14–16], and the
disruptions of TADs were found to cause disease-related
gene expression by exposing genes to inappropriate
regulatory elements [13, 17, 18]. A TAD boundary is de-
fined as genomic interval, no larger than 400 Kb, between
adjacent TADs where self-interactions decrease [14]. The
TAD boundaries were found to be enriched for housekeep-
ing genes, transfer RNA (tRNA) genes, tri-methylation of
lysine 4 on histone H3 (H3K4me3), short interspersed nu-
clear elements (SINEs), DNase hypersensitive sites, and
CTCF binding sequences [9, 14, 19, 20].
The CCCTC-binding factor (CTCF) is an 11

zinc-finger protein that mediates transcriptional regula-
tion. CTCF can bind to evolutionarily conserved DNA
sequences to prevent inappropriate enhancer-promoter
interactions, and these conserved CTCF binding sequences
were found to be enriched at TAD boundaries [14, 21].
CTCF can also bind to evolutionarily non-conserved DNA
sequences to facilitate unique enhancer-promoter interac-
tions at various steps of the transcriptional process, and
these diverse CTCF binding sequences were often

distributed within TADs [14, 22, 23]. The CTCF protein
has a highly conserved amino acid sequence that is 93%
identical from avian to human, and its functional diversities
are achieved through different combinations of zinc finger
domains binding to DNA sequences [24]. These DNA se-
quences have distinctive patterns, which are called CTCF
binding motifs. Some CTCF binding motifs were found to
be highly conserved across 180 million years of evolution
[25]. Similar to TADs, mutations at CTCF binding motifs
are commonly deleterious [26].
In this study, we aimed to assist in reducing the search

space for causative regulatory variants by identifying TADs
and CTCF binding motifs in the bovine genome. We
mapped bovine TADs and CTCF binding motifs based on
homology with humans, mice, dogs and macaques. We
validated mapped bovine TADs by known biological hall-
marks, and validated mapped bovine CTCF binding mo-
tifs by public databases for transcription factor (TF)
binding motifs. We showed that mRNA expression profile
variation across multiple lactating cows’ tissues and cells
were confined by TADs and CTCF binding motifs. We
suggest that our putative TADs and CTCF binding motifs
could reduce the search space for causative regulatory var-
iants in the bovine genome.

Results
Mapping mammalian topological association domains to
the bovine genome
To create a library of putative bovine topological associ-
ation domains (TADs), we directly mapped mammalian
TADs to the bovine genome, and tracked the changes of
mammalian TADs in each step of the mapping. When
genomic conversion was to an updated version of ref-
erence assembly of the same species (hg18 to hg19),
query TADs recovered well in the target genome
(Additional file 1: Table S1). Over 89% of query TADs
mapped uniquely to a single location in the target
reference assembly without splitting within (intra--
chromosomal) or across (inter-chromosomal) chromo-
somes. The query and target TADs not only had
similar widths, but also had little variation in genomic
positions. When the genomic conversion was to an
older version of reference assembly of the same spe-
cies (e.g. canfam3 to canfam2), query TADs recovered
less well. Less than 10% of query TADs mapped
uniquely to a single location in the target genome, al-
though over 76% were intra-chromosomal splits.
When genomic conversion was across species (hg19
to bostau6, mm9 to bostau6, mm10 to bostau7 and
canfam2 to bostau6), over 98% of query TADs split
and over 87% were inter-chromosomal splits. No in-
put TADs were in chromosome Y or mitochondrial
chromosome, but some TAD fragments were mapped
to the bovine mitochondrial chromosome.
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To reduce the large number of bovine TAD fragments
that were inevitably created during the mapping of large
genomic segments, we used a recovery, a filtering and a
local refinement procedure. Our method resulted in pu-
tative bovine TADs that resembled the respective input
TADs in the following aspects: firstly, similar number of
TADs were found in the bovine genome as the respect-
ive input TADs (Table 1); secondly, no putative bovine
TADs aligned to chromosome Y or mitochondrial chromo-
some (Additional file 1: Table S1); thirdly, TAD widths were
comparable between bovine and the source TADs (Fig. 1);
finally, the majority of input TADs were mapped to the bo-
vine genome (79.63–98.88%), and 65.55–89.03% of those
mapped uniquely to a single genomic location without any
intra-chromosomal or inter-chromosomal splits (Table 1).
Putative bovine TAD genomic coordinates are provided as
Additional file 2: Table S2.

Scanning for putative bovine liver CTCF binding motifs
Chromatin immunoprecipitation with sequencing
(ChIP-Seq) is an assay that identifies where a protein
and DNA interact in the sample. DNA sequence motifs
from ChIP-Seq may correspond to the conserved units
of protein-binding sites [27]. We downloaded 184,492
CTCF ChIP-Seq data from the liver tissue of human,
mouse, dog and macaque [25] (Table 2). We identified
82 motif profiles (e-value ≤ 10−5) from these CTCF
ChIP-Seq data. Of those, 4 profiles were validated in the
JASPAR, UniProt or HOCOMOCO databases (Add-
itional file 3: Appendix 1), and were also widely reported
in literature [16, 24–26, 28–30]. All 82 motif profiles

were scanned across bovine chromosome 1 to X, and
3,770,311 putative bovine CTCF binding motifs were
found (P-value ≤ 10−5; Additional file 3: Appendix 1).
Note that motifs on the same genomic coordinates but
different DNA strands would be counted as 2 motifs.
The putative bovine CTCF binding motifs were short
(7-29 nt) and tended to group into clusters distributing
sparsely across the entire bovine genome. Less than 14%
putative bovine CTCF binding motifs overlapped with
another putative bovine CTCF binding motif. We de-
fined a more stringent set of CTCF binding motifs as
those whose motif score was no less than 80, motif
P-value was no larger than 10−8, and any overlapping re-
gions on the same DNA strand were merged. We found
78,524 more stringent CTCF binding motifs on the bo-
vine genome (Table 2). We defined CTCF gaps as the
genomic intervals between the more stringent CTCF
binding motifs. There were 45,809 CTCF gaps ranging
from 1 bp to 1,503,697 bp.

Enrichment of biological hallmarks at TAD boundaries
We validated final sets of putative bovine TADs by asses-
sing the level of enrichment of biological hallmarks at pu-
tative bovine TAD boundaries (Fig. 2; Additional file 4:
Table S3A). The less stringent set of putative bovine
CTCF binding, bovine liver H3K27ac and H3K4me3, bo-
vine SINE and tRNA genes were all highly enriched in all
sets of putative bovine TAD boundaries. House-keeping
genes were highly enriched in all sets of putative bovine
TAD boundaries but less so in putative bovine TAD set
mapped from mouse liver. Bovine H3K4me3 from tender

Table 1 Summary statistics of TAD mapping

Input TADs Reference
assembly

Number
of TADs

Mean
TAD
width
(kb)

Number of input TADs mapped (ratio)

Study Cell or tissue 1 location in bovine genome Same bovine chromosome Bovine genome

Dixon 2012 hESC hg18 3127 852.2 – – –

bostau6 2885 830.5 2784(89.03%) 2930(93.70%) 2956(94.53%)

IMR90 hg18 2349 1122 – – –

bostau6 2236 1071 2050(87.27%) 2198(93.57%) 2261(96.25%)

mESC mm9 2200 1093 – – –

bostau6 2173 1104 1912(86.91%) 2041(92.77%) 2127(96.68%)

cortex mm9 1519 1542 – – –

bostau6 1597 1489 1283(84.46%) 1401(92.23%) 1502(98.88%)

Rudan 2015 liver mm10 3643 695 – – –

bostau6 3507 602.5 2388(65.55%) 2873(78.86%) 2901(79.63%)

canfam3 3315 686.5 – – –

bostau6 2979 810 2731(82.38%) 2887(87.09%) 2916(87.96%)

The source study and cell/tissue from input TAD dataset, and also the input and output reference assemblies with the number of TADs and their mean width (in
kilobases) are shown. Also presented are the number of input TADs that did not split during mapping (1 location in the bovine genome), the number of input
TADs that did not split or split intra-chromosomally during mapping (same bovine chromosome), and the number of input TADs that did not split, split intra-
chromosomally or inter-chromosomally during mapping (bovine genome)
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and tough muscle tissues were highly enriched in all sets
of putative bovine TAD boundaries but less so in putative
bovine TAD sets mapped from mouse cortex and liver.
Putative bovine enhancers in homology with VISTA, FAN-
TOM5 and dbSUPER datasets were not enriched in all
sets of putative bovine TAD boundaries. The same permu-
tation test was repeated but excluding ‘knots’, which
meant that we assumed there were no TAD boundaries if
the end position of the previous TAD was the same as the
start position of the following. We found a very similar

enrichment profile as those including knots (Additional
file 4: Table S3A). The same permutation test was also
repeated using the more stringent set of CTCF bind-
ing motifs, but we did not observe significant enrich-
ment of the more stringent CTCF binding motifs at
TAD boundaries across all TAD sets except at puta-
tive bovine TAD boundaries that were mapped from
mouse liver (Additional file 4: Table S3A).
The putative bovine CTCF binding motifs had 108

patterns (Additional file 3: Appendix 1). To examine

Fig. 1 Distribution of TAD widths. For each input dataset, the TAD width (millions of base pairs) on input reference genome, intermediate
reference genome (if it was used), bovine reference genome (putative bovine TADs stage 1, stage 2 and final) were shown as boxplots

Table 2 Summary statistics of identifying CTCF binding motifs in the bovine genome

Mammalian CTCF ChIP-Seq sequence Putative bovine CTCF binding motifs (strand-specific)

Quantity Width (nt) Number of motif profiles identified (e ≤ 10−5) Set Quantity Width (nt) make up % of bovine genome

184,492 42–1716 81 Less stringent 3,770,311 7–29 0.61%

More stringent 78,524 15–97 0.02%

The number of input mammalian CTCF ChIP-Seq sequences and their range of lengths are shown. Also presented is the number of CTCF binding motif clusters
identified from MEME-ChIP. Last presented are FIMO results that are categorised into two sets by filtering stringencies. A less stringent set of putative bovine CTCF
binding motifs has motif P-value no larger than 10−5. A more stringent set of putative bovine CTCF binding motifs has motif P-value no larger than 10−8, motif
score no smaller than 80, and non-overlapping. For each set the number of CTCF binding motifs discovered in the bovine genome, their range of lengths, and the
proportion of these motifs making up the bovine genome are shown
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which patterns were enriched at TAD boundaries, we re-
peated the same enrichment analysis for each type of
CTCF binding motif (Additional file 4: Table S3B). We
found that patterns from the four putative CTCF bind-
ing motif profiles, which were validated in public data-
bases were all highly enriched at all sets of putative
bovine TAD boundaries (Additional file 3: Appendix 1;
Additional file 4: Table S3). Some putative bovine CTCF
binding motifs, even though were not validated by public
TF binding motifs databases, were highly enriched at all
sets of TAD boundaries (e.g. motif number 15 and 77 in
Additional file 4: Table S3B). Some putative bovine
CTCF binding motifs were only enriched at putative

bovine TAD boundaries mapped from cell lines but were
not as enriched at those mapped from tissues (e.g. motif
number 6 and 11 in Additional file 4: Table S3B). A large
number of CTCF binding motifs from the less stringent
set were absent in the more stringent set, but only a few
of those less stringent putative bovine CTCF binding
motifs were enriched at TAD boundaries (e.g. motif
number 52 and 77 in Additional file 4: Table S3B).

Testing allele-specific expression within regulatory units
Runs of genes were found to favour the same parental
allele in 1 lactating cow’s 18 tissues [31]. We used ana-
lysis of variance (ANOVA) to test whether exons within

Fig. 2 Enrichment of biological hallmarks in putative bovine TAD boundaries. For each hallmark biological signal (rows) and each putative bovine
TAD set (columns), these frequency histograms show the number of overlapping base pairs between the signal and the TAD boundaries. The
frequencies were rounded to the nearest 10 thousand, and the bin width was 1. The 10,000 random permutations are in colour and the actual
number is the black vertical line. If a biological signal is enriched at TAD boundaries, the vertical line will be on the right and clearly separated
from the histogram
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any regulatory units were significantly biased for ex-
pressing from a parental chromosome in a tissue. The
regulatory units were respectively defined only by TAD,
only by the more stringent set of CTCF binding motifs,
and by both TAD and more stringent set of CTCF bind-
ing motifs in three analysis of variance (ANOVA)
models. Of those 108 cohorts (6 TAD sets × 18 tissues)
tested in the TAD only model, we found that on average
14% of allele-specific expression (ASE) variation were
explained, with a standard deviation (SD) of 0.056 across
107 significant cohorts (P ≤ 10−8). The remaining cohort,
putative bovine TAD set from dog liver, did not show
significant ASE variation in lung. The putative bovine
TADs from the mouse cortex explained the least amount
of ASE variation in white skin (3.45%), and those from
mouse liver explained the largest amount of ASE vari-
ation in white blood cells (28%; Fig. 3). The CTCF only
model had 6% less ASE SNPs than the TAD only model
had, and explained on average 27% (SD: 0.078) ASE vari-
ation across all 18 significant cohorts (1 CTCF gaps × 18
ASE tissues; P ≤ 10−8). The CTCF only model explained
ASE variation across 18 tissues in a trend that was simi-
lar to the TAD only model, where the least amount of
ASE variation explained was in lung (10%) followed by
liver (17%), and the largest amount of ASE variation ex-
plained was in white blood cells (42%; Fig. 3). The TAD
+CTCF model tested around 30% less ASE SNPs than
the TAD only model, and explained on average 31% (SD:
0.089) ASE variation across all 108 significant cohorts (6
TAD sets × 18 tissues; P ≤ 10−8). Trend was also similar
to the TAD only model and CTCF only model, where
the least amount of ASE variation explained was also in
lung (on average 11%; SD: 0.012), and the largest
amount of ASE variation explained was also in white
blood cells (on average 48%; SD: 0.023; Fig. 3). We found
little increments, and sometimes even a slight decrease,
in variation explained by the TAD+CTCF model in com-
parison to the CTCF only model, which indicated that
the CTCF model encompassed the TAD model, and was
better at explaining ASE variation. Our permutation
tests declared strong significance for all cohorts in all
models tested, meaning that our observation that the
confinement of ASE variation within regulatory units
was not random.

Enrichment of significant aseQTLs and eQTLs within
putative bovine CTCF binding motifs
We defined significant aseQTLs and eQTLs by the
P-value from aseQTL and eQTL mappings respectively
[32, 33]. We found across all P-value thresholds tested
ranging from 10−5 to 10−8, the significant aseQTLs and
eQTLs in white blood and milk cell were highly enriched
at putative bovine CTCF binding motifs (P-value ≤ 10−5;
Table 3) in comparison to the null distribution sampled

from the entire bovine genome. The averaged fold
change of enrichment for significant aseQTLs in white
blood cells was 1.55 fold and in milk cells was 1.49 fold.
The averaged fold change of enrichment for significant
eQTLs in white blood cell was 1.43 fold and in milk cells
was 1.41 fold (Table 3). The same permutation test was
repeated in the more stringent set of CTCF binding mo-
tifs (motif score ≥ 80 and motif P-value ≤10−8), and sig-
nificant aseQTLs and eQTLs in white blood and milk
cell were also highly enriched across all P-value thresh-
olds tested (Table 3; Fig. 4). The fold change of enrich-
ment was higher in the more stringent set of CTCF
binding motifs. On average, the significant aseQTLs in
white blood cells were 4.06 fold and in milk cells were
3.74 fold, and the significant eQTLs in white blood cells
were 3.23 fold and in milk cells were 4.18 fold more
enriched in comparison to the rest of the genome (Table
3; Fig. 4). The same method was also used to test the
level of enrichment for significant aseQTLs and eQTLs
in biological hallmarks including H3K4me3 regions from
both bovine liver and muscle tissues, and H3K27ac re-
gions from bovine liver tissue, and bovine genomic re-
gions in homology with VISTA, FANTOM5 and
dbSUPER databases. We found that across all P-value
thresholds tested, significant aseQTLs and eQTLs were
less enriched in bovine specific H3K4me3 and H3K27ac
regions than in putative bovine CTCF binding motifs,
and significant aseQTLs and eQTLs were depleted in
bovine genomic regions in homology with VISTA, FAN-
TOM5 and dbSUPER databases (Additional file 5: Table
S4).

Testing frequency of each eGene and its most significant
cis-QTL locating within the same TAD
TADs are evolutionarily conserved regulatory units that
partition the genome by self-interaction frequencies [8,
14–16]. To assess whether our putative bovine TADs
could also partition the bovine genome by
self-interaction frequencies, we tested the frequency of
each eGene and its most significant cis-QTL (i.e.
aseQTL and eQTL) being within the same TAD. We re-
quired the most significant aseQTL and eQTL for each
eGene to pass a P-value threshold, which was tested
from 10−5 to 10−8. When multiple aseQTLs or eQTLs
were ranked the highest significance towards the same
eGene, we selected linearly the furthermost aseQTL and
eQTL for each eGene in order to avoid bias favouring
the aseQTL and eQTL in a linearly closer distance to
the eGene. Across all P-value thresholds tested and in
both white blood and milk cell samples, the observed
numbers of furthermost, and most-significant, aseQTLs
and eQTLs within the same TAD as their eGene were all
significantly more than expected, with the Chi-Squared
test P-values all close to 0 (Table 4; Additional file 6:
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Table S5). This indicated that our putative bovine TADs
could provide the right space to search for cis-regulatory
variants and their genic targets.

Discussion
We have presented a computational method that identi-
fies topological association domains (TADs) based on se-
quence homology. Our method relies on the conserved
nature of TADs and the quality of reference genome as-
semblies. A small proportion (1–21%) of mammalian
TADs were filtered out in the final bovine TAD sets
(Additional file 1: Table S1), because they did not fulfil
the size (>200Kb) or the consensus (> 3 TAD sets
agreed) requirement. Overall, input TADs were mapped
to similar locations in the bovine genome, and mapped
bovine TADs displayed similar features of TAD widths

and boundary signals as input TADs from Hi-C data
(Figs. 1 and 2; Additional file 1: Table S1). These indi-
cated that most input TADs were intact in the bovine
genome, and our mapped TADs were a good proxy for
the actual bovine TADs.
We have also created a library of putative bovine CTCF

binding motifs from mammalian CTCF ChIP-Seq data.
Only the highly conserved CTCF binding motifs were vali-
dated by TF binding motifs that were made available to
public databases (Additional file 3: Appendix 1), and these
conserved putative bovine CTCF binding motifs were
enriched in all sets of putative bovine TAD boundaries
(Additional file 4: Table S3). Different transcription fac-
tor binding motif (TFBM) databases have validated differ-
ent CTCF binding motifs, and some non-validated CTCF
binding motifs were also enriched at all sets of putative

Fig. 3 R-squared values from significant ANOVA models (P ≤ 10−8). For each tissue (X-axis) and each regulatory unit defined by TAD, CTCF gaps
and TAD+CTCF gaps, these bar plots show the R-squared values of significant (P ≤ 10−8) ANOVA models (Y-axis). Note in the CTCF model, there
is no input TAD set involved. For the purpose of a convenient comparison with the other models, the same R-squared values in the CTCF model
were plotted across the same tissue
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bovine TAD boundaries. These indicated that the current
CTCF binding motifs in public TFBM databases were in-
complete, and called for implementing projects such as
the Functional Annotation of Animal Genomes (FAANG)
[34] to generate bovine specific CTCF-ChIP data.
We created two sets of putative bovine CTCF binding

motifs, which were differed by P-value stringencies. The
less stringent set (P-value ≤ 10−5) were more enriched at
TAD boundaries than the more stringent set (motif
score ≥ 80, motif P-value ≤ 10−8, non-overlapping). One
explanation for this observation is that the more strin-
gent set were too sparsely distributed across the en-
tire bovine genome and therefore failed an
enrichment analysis. We observed where the more
stringent CTCF binding motifs were found, similar
motif patterns were also found in the less conserved
set (Additional file 4: Table S3B), which implied the
same genomic locations tagged.
TADs are defined from Hi-C data which snapshots

chromosomal regions in close spatial proximities with-
out specifying any target loci [8, 10]. Contact maps simi-
lar to TADs can also be constructed from chromatin
interaction analysis by pair-end tag sequencing (ChIA--
PET), which snapshots chromosomal regions in close
spatial proximities mediated by a specific factor [35].
Interestingly, chromosomal contact domains identified
by CTCF ChIA-PET data were found to be highly as-
sembled to the TADs identified from Hi-C data [36].

This inspired us to investigate whether the overall direc-
tion of ASE (paternal or maternal) were confined within
putative bovine TADs and between CTCF binding mo-
tifs. We acknowledge that we did not explicitly test
whether the individual SNP within the same gene sup-
port the same direction of ASE, but rather that the over-
all effect on ASE across genes was in the same direction.
We found the overall direction of ASE within TADs and
between CTCF binding motifs were confined across 18
bovine tissues. The effects of TAD and CTCF on ASE
variation remained as significant when gene was consid-
ered in the ANOVA model (Additional file 7: Appendix
2), indicating that TAD and CTCF were independent of
genes contributing to ASE variation.
We found CTCF binding motifs were better than

TADs at predicting ASE variation. To illustrate this, we
showed a region on bovine chromosome 3 spanning
from position 54 million to position 55.2 million (Add-
itional file 8: Figure S1A). All our bovine TAD sets from
Dixon et al. [14] predicted this region as a putative bo-
vine TAD, and several CTCF binding motifs were found
within this region. All three ANOVA models found this
region displayed significant ASE. Inside this region,
GBP5 (ENSBTAG00000015060), ENSBTAG00000017670
and ENSBTAG00000038938 genes were biased towards
maternal expression in white blood cells [31], and
ENSBTAG00000014857, ENSBTAG00000037490 and
ENSBTAG00000038500 genes were slightly paternally

Table 3 Rank and fold change of enrichment of significant aseQTLs and eQTLs at putative bovine CTCF binding motifs

QTL
type

cell type P-value
significant
threshold

Less stringent More stringent

rank fold change rank fold change

aseQTL white blood 10−5 <0.0001 1.54 <0.0001 4.19

10−6 <0.0001 1.55 <0.0001 4.07

10−7 <0.0001 1.55 <0.0001 4.02

10−8 <0.0001 1.56 <0.0001 3.96

milk 10−5 <0.0001 1.49 <0.0001 3.97

10−6 <0.0001 1.49 <0.0001 3.71

10−7 <0.0001 1.49 <0.0001 3.67

10−8 <0.0001 1.48 <0.0001 3.61

eQTL white blood 10−5 <0.0001 1.38 <0.0001 3.97

10−6 <0.0001 1.43 <0.0001 3.56

10−7 <0.0001 1.45 <0.0001 2.75

10−8 <0.0001 1.47 <0.0001 2.66

milk 10−5 <0.0001 1.34 <0.0001 4.48

10−6 <0.0001 1.40 <0.0001 4.75

10−7 <0.0001 1.38 <0.0001 4.05

10−8 <0.0001 1.53 0.9978 3.44

The levels of enrichment of significant allele-specific expression quantitative trait loci (aseQTL) and expression quantitative trait loci (eQTL) from bovine white
blood cells and milk cells at two sets of putative bovine CTCF binding motifs are presented. The significance is defined by a P-value less than 10−5,
10−6, 10−7and 10−8 in aseQTL mapping and eQTL mapping respectively. A less stringent set of putative bovine CTCF binding motifs has motif P-value no larger
than 10−5. A more stringent set of putative bovine CTCF binding motifs has motif P-value no larger than 10−8 and motif score no smaller than 80
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biased. A cluster of SNPs inside GBP5,
ENSBTAG00000017670 and ENSBTAG00000038938
genes were maternally biased. As a result, both
TAD-only and CTCF-only ANOVA models found this
region maternally biased (for this animal at least).
Interestingly, GBP5, ENSBTAG00000017670 and
ENSBTAG00000038938 genes were also located be-
tween CTCF binding motifs. As a result, TAD+CTCF
model found that the genomic regions between CTCF
binding motifs maternally biased, and the remaining
regions paternally biased (Additional file 8: Figure
S1). Another example is provided in Additional file 8:
Figure S1B.
One explanation why CTCF was better than TAD at

predicting ASE regions is that CTCF not only mediated
the sub-TAD structures [15, 36], but also harboured cis--
regulatory variants [37–39]. To test this hypothesis, we

examined whether significant aseQTLs and eQTLs from
bovine white blood and milk cells were enriched at puta-
tive bovine CTCF binding motifs. We found even
though bovine aseQTLs and eQTLs were from a differ-
ent cell type from putative bovine CTCF binding motifs,
significant aseQTLs and eQTLs were still close to 4-fold
enriched at the more stringent set of putative bovine
CTCF binding motifs (Table 3; Fig. 4), and were more
enriched at putative bovine CTCF binding motifs than
at any other biological signals tested (Additional file 5:
Table S4). These indicated that CTCF binding motifs
that were leveraged through homology are informative
for annotating the bovine genome.
Regulatory units are used as a scaffold for testing

long-range association or supporting molecular QTLs
discovered in humans [36, 40]. To assess whether our
predicted bovine TADs have the potential to reduce the

Fig. 4 Enrichment of significant aseQTLs and eQTLs in putative bovine CTCF binding motifs. For each significant threshold (columns) and each
aseQTL/eQTL in white blood cells or milk cells (rows), these frequency histograms show the number of significant aseQTLs/eQTLs in putative
bovine CTCF binding motifs (motif score≥ 80 and motif P-values ≤ 10−8). The 10,000 random permutations are in colour and the actual number
is the black vertical line. If the actual significant aseQTLs/eQTLs are enriched at putative bovine CTCF binding motifs, the vertical line will be on
the right and clearly separated from the histogram
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space for causative regulatory variants to sites of physical
proximity, we examined whether or not each eGene and
its most significant aseQTL and eQTL were often lo-
cated in the same TAD. Our result showed that the
linearly-furthermost, and most-significant, white blood
and milk cells aseQTL and eQTL were both more likely
to be within the same TAD as the eGene than not (Table
4; Additional file 5: Table S5). This indicated that our re-
sults could be very useful for reducing the search space
for causative regulatory variants and their eGenes. With-
out knowing the regulatory units, an aseQTL study [32]
had to perform 4.8 billion association tests for 291,638
genic positions and all SNPs (as identified by the 1000
Bull Genomes Project [1]) within ±1 Mb to those genes,
and an eQTL study [32] had to perform 83 million asso-
ciation tests for 11,577 genes and all SNPs within ±1 Mb
to those genes. If regulatory units were known, the num-
ber of association tests could be largely reduced to only

test those that were within the same regulatory unit, in-
dependent of the distance between the heterozygous
SNP and the gene. The number of tests could continue
to be reduced by testing associations only between het-
erozygous SNPs in putative regulatory regions such as
enhancers, promoters and CTCF binding motifs. An-
other benefit of annotating functional regions such as
TADs and CTCF binding motifs is that new methods
that aim to improve the accuracy and reliability of gen-
omic prediction can be devised. Existing methods, such
as MultiBLUP [41] and BayesRC [42], could demonstrate
higher power by assigning different distributions of ef-
fects to different regulatory annotations. This would help
prioritise ‘lead’ SNPs for genomic prediction [1].

Conclusions
In conclusion, our study shows that homologous topo-
logical association domains (TADs) and CTCF binding

Table 4 eGenes are often located within the same TAD as their linearly-furthermost, and most-significant, aseQTL/eQTL

QTL
type

Cell type maximum
number of
eSNPs tested
in a
chromosome

Sourced
TAD set

number of
significant
eGene in
TAD

number of furthermost and most-significant cis-QTL-eGene in
the same TAD

Chi-Square test

Expected observed value P-value

aseQTL white blood 1,057,269 hg18:hESC 13,302 1406.379224 6375 17,553.7238 0

hg18:IMR90 13,790 1457.973951 7273 23,192.8204 0

mm9:mESC 13,641 1442.220643 7682 26,996.4562 0

mm9:cortex 13,150 1390.308735 8670 38,116.6453 0

mm10:liver 12,013 1270.09725 5101 11,554.8757 0

canfam3:liver 13,046 1379.313137 6086 16,060.8209 0

milk 1,153,815 hg18:hESC 9553 1102.23947 3862 6909.82168 0

hg18:IMR90 10,019 1156.007249 4550 9964.63198 0

mm9:mESC 9706 1119.892839 4764 11,857.8462 0

mm9:cortex 9317 1075.009436 5608 19,114.2541 0

mm10:liver 8692 1002.895998 2931 3706.85001 0

canfam3:liver 9638 1112.046897 3863 6805.23726 0

eQTL white blood 8964 hg18:hESC 327 0.2931228 114 44,108.66 0

hg18:IMR90 340 0.304776 125 51,017.4649 0

mm9:mESC 322 0.2886408 125 53,883.3149 0

mm9:cortex 305 0.273402 123 55,090.3719 0

mm10:liver 284 0.2545776 91 32,346.6467 0

canfam3:liver 330 0.295812 119 47,633.917 0

milk 2463 hg18:hESC 343 0.0844809 24 6770.19366 0

hg18:IMR90 348 0.0857124 25 7241.9128 0

mm9:mESC 356 0.0876828 34 13,115.9732 0

mm9:cortex 323 0.0795549 36 16,218.7166 0

mm10:liver 340 0.083742 23 6271.10507 0

canfam3:liver 362 0.0891606 22 5384.49588 0

The linearly-furthermost, and most-significant, aseQTL and eQTL for each eGene all have a P-value less than 10−8 in aseQTL/eQTL mapping
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motifs can reduce the search space for causative regulatory
variants in the bovine genome. Along with study that pre-
dict functional elements such as enhancers and promoters
across species [43], these results complement the experi-
mental validation that the Functional Annotation of Animal
Genomes (FAANG) consortium [34] will produce, and ac-
celerate the identification of mutations that affect complex
traits in the bovine genome.

Methods
Mapping mammalian topological association domains to
the bovine genome
Topological association domain (TAD) genomic coordi-
nates from human and mouse embryonic stem cells (hESCs
and mESCs) [14], human IMR90 fibroblasts (IMR90) [14]
and mouse cortex [44] were obtained from Yue Lab (http://
promoter.bx.psu.edu/hi-c/download.html). TAD genomic
coordinates from the fresh or frozen liver of mouse and
dog were provided as supplementary Additional file 1:
Table S1 by Rudan et al. [16]. Genomic coordinate conver-
sion files, mammalian reference genomes and mammalian
genome annotations were all loaded through Bioconductor
(version 3.2) [45].
All genomic coordinates of mammalian TADs were

converted to the bovine reference genome Bos
taurus UMD3.1 (UCSC Genome Browser assembly
ID: bostau6) using UCSC Batch Coordinate Conver-
sion program (liftOver) [46] (default settings), which
was run inside R (version 3.2.4) using Bioconductor
(version 3.2) [45] (AnnotationHub [47], rtracklayer
[48] and GenomicRanges [49] packages). Genomic
coordinate conversion files were required as an input
to liftOver, but were absent for the conversion of
some versions of reference genome assemblies. In
those cases, an intermediate genome was used to
convert the source TADs to bostau6. As a result, the
hESC and IMR90 TADs were mapped from hg18 to
bostau6 in two steps through an hg19 intermediate.
The mESC and mouse cortex TADs were mapped
directly to bostau6. The mouse liver TADs were
mapped from mm10 to bostau6 through bostau7
(NCBI ID: Btau4.6.1.). The dog liver TADs were
mapped to bostau6 from canfam3 through canfam2
(Additional file 9: Figure S2).
Converting large genomic segments inevitably created

a large number of genomic fragments. We employed a
recovery procedure, a filtering procedure, and a local re-
finement procedure to finalise the putative bovine TADs.
Throughout this study, we specified “input” as the data
that was input to the first step of the genomic conver-
sion, “query” as the data that was input to each further
step of the genomic conversion, and “target” as the out-
put from each step of the genomic conversion. The

recovery procedure was employed in each step of the
genomic conversion as follows:
For each input TAD set, w was denoted as the mini-

mum width of input TADs.

(1) If TAD fragments from the same query sequence
were no more than w away from each other in the
target genome, the TAD fragments were merged
into a single TAD in the target genome.

(2) If TAD fragments from different query sequences
overlapped in the target genome, the TAD
fragments were kept as separated fragments in the
target genome.

Genomic conversion in combination with the recovery
procedure resulted in 6 sets of putative bovine TADs
(stage 1) that were respectively from the 6 sets of input
TADs. A filtering procedure was then applied to the pu-
tative bovine TADs (stage 1), in order to reduce TAD
fragments of low confidence in each TAD set. The filter-
ing procedure was performed as follows:

(1) For each genomic position i in the bovine genome,
the number of TAD sets that agreed i was in a TAD
was calculated and denoted as ai.

(2) If a putative bovine TAD (stage 1) was no less than
200 Kb wide, and contained at least one position i
where ai was no less than 4, this TAD (stage 1) was
kept in the TAD set (stage 2). The 200-Kb threshold
was selected because it was able to effectively filter
out the small homological genomic fragments
which were incapable of forming a TAD in the bo-
vine genome.

The filtering procedure resulted in 6 sets of putative bo-
vine TADs (stage 2) that were respectively from the 6 sets
of putative bovine TADs (stage 1). A local refinement pro-
cedure was then applied to merge any putative bovine
TADs (stage 2) that overlapped more than 1 bp. The 1 bp
threshold (exclusively) was used, because TADs were cal-
culated from frequencies of interactions between genomic
bins [14, 16]. This resulted in the end genomic coordi-
nates of some TADs being the same as the start genomic
coordinates of their downstream TAD. These ‘TAD1.-
TAD2’ structures were shown in the input TAD sets, and
if no large genomic rearrangements occurred, the hom-
ologous counterparts of these ‘TAD1.TAD2’ structure
were kept in the final bovine TAD set. However, when
large genomic re-arrangements occurred, source TADs
from the same TAD set could overlap to a great extent in
the bovine genome. Each of these overlapping TAD frag-
ments was > 200 Kb with high frequency of internal inter-
actions, indicating that they could form into a larger
interaction domain in the bovine genome, and therefore
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were merged into one putative bovine TAD. The local re-
finement procedure resulted in 6 sets of final bovine TADs
that were respectively from the 6 sets of putative bovine
TADs (stage 2). A schematic workflow of the TAD map-
ping procedure is provided as Additional file 9: Figure S2.

Scanning for putative bovine liver CTCF binding motifs
CTCF binding genomic coordinates from the liver tissue
of human, mouse, dog and macaque were downloaded
from E-MTAB-437 [25]. Mammalian CTCF binding se-
quences were extracted from masked reference genome
hg19, mm9, canfam2 and rhemac2 respectively. Masked
reference genome is reference genome where inter-
spersed repeats and low complexity DNA regions are de-
tected and concealed, and is required for motif
discovery.
All mammalian CTCF binding sequences were pro-

vided as one input to MEME-ChIP [50] in order to
identify evolutionarily conserved CTCF binding mo-
tifs. Parameter settings for MEME-ChIP were based
on the MEME program settings in Vietri Rudan et al.
[16], who also used the same CTCF ChIP-Seq data
from Schmidt et al. [25]. We looked for 0 or 1 DNA
motif per ChIP-Seq peak, and the maximum input
dataset size was adjusted to 70 Mb to account for
our input file size.
The latest version of JASPAR CORE motif databases

(2016), JASPAR CNE motif database (2008), JASPAR
POLII database (2008), JASPAR PHYLOFACTS (2008),
UniPROBE [51], and Homo sapiens comprehensive
model collection database (HOCOMOCO; version 10)
were obtained from MEME Suite [27] (http://meme-sui-
te.org/). These TF binding motifs that were made avail-
able to public databases were used to validate our CTCF
binding motif profiles from MEME-ChIP outputs.

Since only the more conserved CTCF binding mo-
tifs are reported to TF binding motifs databases, and
an increasing number of novel motifs are discovered
as more CTCF ChIP-Seq data are made available, all
motifs from MEME-ChIP were input to FIMO [52]
(default settings) to scan for the occurrence of puta-
tive CTCF binding motifs in the bovine genome. We
created two sets of putative bovine CTCF binding
motifs from FIMO outputs which differed by P-value
stringencies. A less stringent set of putative bovine
CTCF binding motifs was selected by a motif P-value
no larger than 10−5. A more stringent set of putative
bovine CTCF binding motifs was selected by a motif
score no less than 80 and a motif P-value no larger
than 10−8 and where overlapping regions were
merged. Both sets of putative bovine CTCF binding
motifs were used for all downstream analyses in this
paper unless otherwise noted.

Enrichment of biological hallmarks at topological
association domain boundaries
Bovine transfer RNA (tRNA) genes and short inter-
spersed element (SINE) annotations were all loaded
through Bioconductor (version 3.2) [45]. Human
housekeeping gene names [53] were downloaded as
per paper and were used as the list of bovine house-
keeping genes. Bovine genomic regions that were
enriched for tri-methylation of lysine 4 on histone H3
(H3K4me3) and acetylated lysine 27 on histone H3
(H3K27ac) signals from bovine liver tissue were
downloaded from E-MTAB-2633 [54]. Bovine genomic
regions that were enriched for H3K4me3 signal from
the tender and tough longissimus dorsi of Aberdeen
Angus steers were downloaded from GSE61936 [55].
Putative bovine enhancers in homology with human
and mouse enhancer databases from VISTA, FAN-
TOM5 and dbSUPER were as described by Wang et
al. [56].
Putative bovine TAD boundaries were defined as those

genomic intervals, no larger than 400 Kb, between adja-
cent putative bovine TADs from the same TAD set. For
those putative bovine TADs where the end position of
the previous TAD was the same as the start position of
the following (i.e. a knot), 400-Kb genomic intervals cen-
tring on the “knot” were selected as TAD boundaries. A
schematic graphical representation of the TAD, TAD
boundaries and ‘knot’ is provided as Additional file 10:
Figure S3. The level of enrichment of the following bio-
logical hallmarks was tested at TAD boundaries from
each set of putative bovine TADs: human housekeeping
genes, bovine tRNA genes, bovine SINEs, putative bo-
vine CTCF binding motifs, putative bovine enhancer re-
gions in homology with those in VISTA, FANTOM5
and dbSUPER databases, bovine liver H3K4me3 regions,
bovine liver H3K27ac regions, bovine tender and tough
muscle H3K4me3 regions.
The enrichment analysis was run as a permutation

test with 10,000 random repeats to test whether the
biological signal overlapped significantly more with
the putative bovine TAD boundaries than the rest of
the genome. We denoted n as the number of base
pairs of a biological signal that overlapped with the
putative bovine TAD boundaries in the original data-
set. In the permutation test, for each chromosome,
we slid the TAD boundaries along the chromosome
by M positions, where M was a number randomly se-
lected between 1 and the length of the chromosome.
After sliding, if a TAD boundary exceeded the range
of the chromosome, we recycled the exceeding subset
of the TAD boundaries to the start of the chromo-
some. Then we counted the number of base pairs of
a biological signal overlapped with the slid putative
bovine TAD boundaries and denoted this number as
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m. The fold change of enrichment was defined as the
ratio of n to the mean of all m values in the 10,000
permutations. The ranking position of n within the
distribution of all m values over all random samples,
denoted as R, was determined, and a P-value to test
the significance of the ranking was computed. For the
largest n among all m values, the P-value was set to
<0.0001 and otherwise it was R

10001 . We declared a
biological signal “highly enriched” in a set of putative
bovine TAD boundaries if n was larger than 95% of
all m values. Our permutation tests resulted in 66 in-
dependent analyses (6 sets of finalised putative bovine
TADs × 11 biological signals).

Testing allele-specific expression within regulatory units
Chamberlain et al. [31] observed runs of genes expressed
in favour of the same parental chromosome. We argued
that these runs of allele-specifically expressed genes
could be located within the same TADs and or between
the same CTCF binding motifs. To investigate this, we
obtained allele-specific expression (ASE) data from
Chamberlain et al. [31]. The ASE data was from 1 lactat-
ing cow’s 18 tissues. In each tissue, the ASE data was the
number of RNA transcripts aligned to each parental al-
lele at all heterozygous exonic positions. The heterozy-
gous exonic positions were determined from the cow’s
whole genome sequence variants [31], and mapping bias
was taken into account following methods that were de-
scribed by Degner et al. [57]. The ASE data was used to
calculate ASE scores as follows:

Y i ¼ log10
Pi þ 1
Mi þ 1

� �
ð1Þ

where Yi was the ASE score from a tissue at pos-
ition i; Pi was the number of RNA reads from a tis-
sue aligning to position i that had the paternal allele;
and Mi was the number of RNA reads from a tissue
aligning to position i that had the maternal allele.
One was added to all read counts in order to obtain
valid ASE scores even for the mono-allelic expressed
SNPs, i.e. where only one of the two alleles were
expressed. A positive ASE score meant that more par-
ental than maternal alleles were detected among RNA
reads at position i. A negative ASE score meant that
more maternal than parental alleles were detected
among RNA reads at position i. An ASE score of
zero meant that equalled numbers of parental and
maternal alleles were detected among RNA reads at
position i.
We found that most heterozygous exonic SNPs were

distributed within regulatory units. If most heterozygous
exonic SNPs in the same regulatory units were from the
same parental chromosome, the mean ASE scores of

those SNPs would be significantly deviated from 0; alter-
natively, if heterozygous exonic SNPs were randomly
expressed from parental chromosomes, the mean ASE
scores of those SNPs would be close to 0. Analyses of
variance (ANOVA) models were used to quantify this
ASE variation (measured by mean ASE scores) from
regulatory unit to regulatory unit. Three independent
ANOVA models were fitted, where the ASE scores in a
tissue were fitted as the response in all three ANOVA
models, but the regulatory units in each model were
different:

� Model (1) was a TAD only model that defined a
regulatory unit only by the putative bovine TADs
from a TAD set.

� Model (2) was a CTCF only model that defined a
regulatory unit only by the CTCF gaps, which
were the genomic intervals between the set of 2
CTCF binding motifs (motif score ≥ 80 and motif
P-value ≤ 10−8).

� Model (3) was a TAD+CTCF model that defined a
regulatory unit by both TAD and CTCF gaps. The
CTCF gaps were embedded within the putative
bovine TADs from a TAD set. Model (3) tested if
TAD or CTCF gaps accounted for more variation
observed in the ASE data.

In each ANOVA model, all innermost genomic regions
were required to contain no less than 5 SNPs that had
valid ASE scores. We found majority of the valid ASE
SNPs (> 94% in TAD only model, > 82% in CTCF only
model, and > 73% in TAD+CTCF model) were distrib-
uted among different genes within the same regulatory
unit. There were 108 independent ANOVA tests per-
formed in model (1) which were from the combination
of 6 sets of finalised putative bovine TADs and 18 bovine
tissues, 18 independent ANOVA tests performed in
model (2) from the combination of 1 set of CTCF gaps
and 18 tissues, and 108 independent ANOVA tests in
model (3) from the combination of 6 sets of finalised pu-
tative bovine TADs and 18 tissues. The significance of
an ANOVA test was declared at P-value ≤ 10−8.
The permutation tests, with 10,000 repeats, were

performed to test whether the observed ANOVA re-
sult in each model was random. In each permutation
test, the ASE scores were shuffled across the whole
genome and then the model was refitted with the
permuted dataset. The R-squared value from the ori-
ginal dataset, R, was compared with the 10,000 null
R-squared values from the random shuffles, R′. A sig-
nificant ANOVA cohort was declared if R was larger
than all R′ values. In a significant ANOVA test, a
regulatory unit was declared to display significant
ASE effects if the absolute value of the averaged ASE
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scores in the region, |n|, was larger than 99% of the abso-
lute value of the averaged ASE scores in the permutations
∣m∣, i.e. false discovery rate (FDR) < 0.01, and the p-value
for n was no larger than 10−6. There were 108 independ-
ent permutation tests performed in model (1), 18 permu-
tation tests performed in model (2) and 108 permutation
tests performed in model (3).

Enrichment of significant aseQTLs and eQTLs within
putative bovine CTCF binding motifs
The heterozygous quantitative trait loci (QTLs) that
were associated with allelic-specific expression
(aseQTLs) and expression variation (eQTLs) were ob-
tained from Chamberlain et al. [32, 33]. The aseQTL
and eQTL mappings were performed using mRNA
transcripts from 141 lactating cows’ white blood and
milk cells, and mapping bias was taken into account
following the methods that were described by Cham-
berlain et al. [32]. The aseQTL and eQTL data was a
table of effect and P-value between an aseQTL/eQTL
and its eGene target. The RNA sequence data is
available from NCBI Sequence Read Archive (Biopro-
ject accession PRJNA305942).
We hypothesized that significant cis-expressed QTLs

were enriched at putative bovine CTCF binding motifs.
We tested this hypothesis using aseQTLs and eQTLs
from white blood and milk cells, both of which indicate
cis-expression QTLs. The significant cis-QTLs were de-
fined by a P-value threshold p, which was tested at 10−5

to 10−8. In each significant threshold, we selected a type
of cis-QTLs (e.g. aseQTLs from white blood cells) whose
P-value was no larger than p. In the case where multiple
eGenes were found to be significantly associated with
the same cis-QTL, the cis-QTL was only counted once.
Then we calculated the number of significant cis-QTLs
within putative bovine CTCF binding motifs, and de-
noted this number as n.
To test the frequency of significant cis-QTLs occur-

ring in the rest of the genome, for each chromosome,
we slid the significant cis-QTLs by M positions,
where M was a number randomly selected between 1
and the length of the chromosome. After sliding, if
the position of a cis-QTL exceeded the range of the
chromosome, we redefined the position of the
cis-QTL as the slid position subtracting the chromo-
some length. We denoted m as the number of those
slid cis-QTLs within putative bovine CTCF binding
motifs. The slide and recalculation were repeated
10,000 times. The fold change of enrichment was de-
fined as the ratio of n to the mean of all m values
from the 10,000 permutations. The ranking position
of n within the distribution of all m values, denoted as
R, was determined, and a P-value to test the significance
of the ranking was computed. For the largest n among all

m values, the P-value was set to <0.0001 and otherwise it
was R

10001 . We declared significant cis-QTLs highly
enriched at putative bovine CTCF binding motifs if n was
larger than 99% of all m values (FDR < 0.01). Our tests re-
sulted in 32 independent analyses (2 types of cis-QTLs × 2
cell types × 4 significant thresholds × 2 sets of CTCF
binding motifs).

Testing frequency of each eGene and its most significant
cis-QTL locating within the same TAD
We hypothesized that the most significant cis-expressed
QTLs for each eGene fell more often within the same
TAD as the eGene than not. We tested this hypothesis
using aseQTLs and eQTLs, both of which indicate
cis-expression QTLs. Our cis-QTLs were detected using
mRNA transcripts from 141 lactating cows’ white blood
and milk cells [32]. We selected the most-significant
cis-QTL for each eGene within a TAD. The
most-significant cis-QTL for each eGene was required to
pass a significance threshold which was tested from 10−5

to 10−8. In the case where multiple cis-QTLs were
ranked with the most significance level towards the same
eGene, we broke the tie by selecting the cis-QTL that
was linearly the furthest away from the eGene. The
linearly furthermost cis-QTL was chosen in order to
avoid bias favouring the most significant cis-QTL to be
within the same TAD as the eGene. The result of this
procedure was a number of cis-QTL and eGene targets,
which occurred in the same TAD out of all possible
pairs. The expected number of significant aseQTL/eQTL
and eGene within the same TAD was defined as follows:

E ¼ N �M � p ð2Þ
where E is the expected number of significant cis-QTL

and eGene within the same TAD, N is the total number
of eGenes overlapping a TAD, and M is the maximum
number of eSNPs in a chromosome that were used for
the aseQTL/eQTL mapping, and p was the P-value
threshold for the association between the eSNP and the
eGene.
A chi-square test was performed to test whether the

observed number of furthermost and most-significant
cis-QTL and eGene within the same TAD was statisti-
cally significant or not. The chi-square test was defined
as follows:

χ2 ¼ E−Oð Þ2
E

ð3Þ

where χ2 is the chi-squared value, E is defined as
above, and O is the observed number of significant
cis-QTL and eGene within the same TAD. A significant
chi-squared test was defined as a corresponding
chi-square test P-value <0.001. There were 96
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independent chi-squared tests (2 types of cis-QTLs × 2
cell types × 4 significant thresholds × 6 sets of finalised
putative bovine TADs).

Additional files

Additional file 1: Table S1. Summary of genomic conversion of
mammalian TADs to the bovine genome. This table summarises results of
converting mammalian TAD coordinates to the bovine genome in each step.
Query: the input to liftOver in every step of genomic conversion. Target: the
output in every step of genomic conversion. NA: not applicable. Gap: the
genomic interval that are not marked as TAD in the data. (XLSX 495 kb)

Additional file 2: Table S2. Putative bovine TAD genomic coordinates.
This table provides the genomic coordinates of putative bovine TADs.
First and second columns (i.e. input TAD cell/tissue type and input TAD
reference genome) specify the input bovine TAD set. Third, fourth and
fifth columns respectively specify the chromosome number, start and
end positions of the putative bovine TADs. (XLSX 22 kb)

Additional file 3: Appendix 1. Summary files from MEME-ChIP and
FIMO. Summary file from MEME-ChIP program shows that 4 out of 82
CTCF binding motif profiles are validated in public databases of known
transcription factor binding motifs, and the rest are novel CTCF binding
motifs. Summary file from FIMO program shows the matched CTCF bind-
ing motifs in the bovine genome. The S2_Appendix/fimo.html and
S2_Table are linked by the “motif number”, “motif width” and “best pos-
sible match” columns. (ZIP 108 kb)

Additional file 4: Table S3. Rank and fold change of enrichment of
biological hallmarks at putative bovine TAD boundaries. This table shows
the level of enrichment of each biological hallmark at putative bovine
TAD boundaries. The level of enrichment for each biological signal is
measured by the number of base pairs that a biological signal
overlapping with the TAD boundary. Presented are two types of TAD
boundaries for each TAD set, differed by whether a boundary is
considered present if two neighbouring putative bovine TADs overlap
each other by 1 bp. “< 0.0001” denotes the degree of overlap between
the biological hallmark and TAD boundaries larger than all permuted
cases. (A) The degrees of enrichment of all biological signals at the
boundary of each TAD set are shown. (B) The degrees of enrichment of
each pattern of CTCF binding motifs at the boundary of each TAD set are
shown. Each motif pattern has a unique motif number defined by the
FIMO output. Each best possible match motif is manually compared with
the MEME-ChIP to assess whether the matched motif is previously re-
ported. (XLSX 54 kb)

Additional file 5: Table S4. Enrichment of significant aseQTLs and
eQTLs within bovine biological signals. This table shows the level of
enrichment of each type of significant quantitative trait loci (QTLs) at
biological hallmarks. Significant aseQTLs/eQTLs are defined by the P-value
from aseQTL/eQTL mapping, and four P-value thresholds were tested
(from 10−5 to 10−8). “< 0.0001” denotes the degree of overlap between
the significant aseQTLs/eQTLs and the biological hallmark larger than all
permuted cases. (XLSX 19 kb)

Additional file 6: Table S5. EGenes are often located within the same
TAD as their furthermost and most-significant aseQTL and eQTL. This
table provides the results of Chi-Square test. The Chi-Square test was to
examine whether the observed frequency of eGene and its linearly-
furthermost, and most-significant, aseQTL/eQTL locating in the same TAD
was more often than expected. The first column specifies the putative
bovine TAD set. The second column specifies the bovine cell type where
the aseQTL or eQTL was measured from. A minimum P-value threshold
was applied to require the most-significant aseQTL and eQTL passing the
P-value threshold in the aseQTL/eQTL mapping, and four P-value thresh-
olds were tested (from 10−5 to 10−8). The expected number of the sig-
nificant eSNP and eGene within the same TAD was defined as the
product among the maximum number of eSNPs in a chromosome

analysed during aseQTL or eQTL mapping, the number of eGenes over-
lapping a TAD in a TAD set, and the P-value threshold that filter the sig-
nificant aseQTL/eQTL mapping results. The observed number of linearly-
furthermost, and most-significant, aseQTL/eQTL and eGene within the
same TAD was calculated from the data. The Chi-Square test P-values
were all much smaller than 10−8, and were denoted as “<10e-08” in the
table. (XLSX 15 kb)

Additional file 7: Appendix 2. ANOVA testing the effects of TAD, CTCF
and gene on ASE variation. TAD and CTCF remained significant when
gene was fitted into a categorical variable in the ANOVA model,
indicating that TAD and CTCF were independent factors from gene that
were predictive of ASE variation. (ZIP 78 kb)

Additional file 8: Figure S1. Runs of genes with allele-specific expres-
sion within regulatory units. Only runs of genes within TAD and between
CTCF binding motifs are shown. Our ANOVA models showed that both
TAD and CTCF are significant factors (P-value ≤ 10−6 and false discovery
rate < 0.01) explaining the observed ASE variation, while gene is a also a
significant factor in Figure S1A but not a significant factor in Figure S1B.
The ASE scores (y-axis) for heterozygous loci (x-axis) are plotted as black
dot points in each Manhattan plot. Since ASE score was a division of pa-
ternal to maternal allelic read counts, the heterozygous locus whose ASE
score is larger than 0 favours paternal expression, and the heterozygous
locus whose ASE score is less than 0 favours maternal expression. The pu-
tative bovine TAD is represented as a rectangle centring at y = 0. The
CTCF binding motifs (motif score≥ 80 and motif P-value ≤ 10−8) are rep-
resented as the start and end position of each arrowed curve, where the
direction of the arrow is the direction of transcription. Genes are repre-
sented as coloured bars starting from y = 0 towards either the top (gene
on forward strand) or the bottom (gene on reverse strand) of the graph.
Gene names or IDs from Ensembl UMD3.1 annotation (release 75) are
listed in legend. (ZIP 260 kb)

Additional file 9: Figure S2. A schematic workflow of TAD mapping. In
any step of the mapping and recovery procedure, a query TAD could have
five possible outcomes. Only in the case of close intra-chromosomal split
that TAD fragments in the target genome were merged. (PNG 203 kb)

Additional file 10: Figure S3. TADs, TAD boundaries and ‘knot’. (1) A
graphical representation of TAD, TAD boundaries, ‘knot’ and unorganised
chromatin is presented. Also presented is a graphical representation of
biological hallmarks that are enriched in TAD boundaries. (2) Presented is
how our graphical presentation of TAD, TAD boundaries and ‘knot’ relates
to the TAD, TAD boundaries and ‘knot’ from Hi-C data. (PNG 325 kb)
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