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Abstract

We present TADsplimer, the first computational tool to systematically detect topologically associating domain
(TAD) splits and mergers across the genome between Hi-C samples. TADsplimer recaptures splits and mergers of
TADs with high accuracy in simulation analyses and defines hundreds of TAD splits and mergers between pairs
of different cell types, such as endothelial cells and fibroblasts. Our work reveals a key role for TAD remodeling in
epigenetic regulation of transcription and delivers the first tool for the community to perform dynamic analysis of
TAD splits and mergers in numerous biological and disease models.
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Background
The three-dimensional (3D) structure of chromosomes
inside the nucleus of a cell plays essential roles in the
regulation of transcription, replication, and many other
biological procedures [1–3]. Techniques recently devel-
oped to infer the conformation of the chromatin are
providing powerful methods to uncover the relationship
between genome functionality and spatial organization
of chromosomes [1–3]. Particularly, the Hi-C technique
generates DNA sequencing data to enable a systematic
detection of 3D structures across the genome [4]. One
of the key findings revealed by Hi-C is that a chromo-
some is divided into individual topologically associating
domains (TADs) [5]. A TAD represents a spatial unit
with frequent interaction between DNA sequences

within the unit, but with about 2-fold fewer interactions
between units [4–6]. Therefore, TADs physically restrict
interactions between enhancers and promoters for tran-
scriptional regulation [4]. The boundary of TAD is
found to be highly conserved between cell types and
thus stable during development [6], although the density
of interaction between DNA sequences within a TAD
can dynamically change during cell differentiation or
reprogramming [7–10]. The long-range interaction
between a promoter and a regulatory element may be
cell type-specific, but generally occurs within a highly
conserved TAD [11]. However, little is known about the
split of individual TADs or the merger of neighboring
TADs on the chromatin.
There are several lines of evidence indicating that

TADs serve as functional units of the chromosome.
First, genes within the same TAD often display similar
changes in RNA expression during cell differentiation
[5]. Second, the boundaries of a TAD constrain the
spread of histone modifications and lamin association;
therefore, there is a strong correlation between genomic
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sites in their histone modifications within a highly con-
served TAD [5, 12]. Third, co-regulated genes, such as
protocadherin genes, tend to co-locate in the same TAD
[13]. Considering that TADs represent a functional unit
of the chromosome, studying the remodeling of TADs
will advance our understanding of the cell type-specific
gene expression regulation by chromatin state, the long-
range enhancer-promoter interaction, and the dynamics
of chromatin 3D structure.
Many algorithms have been developed to define TADs

in a single Hi-C sample [4, 5, 14–17]. However, system-
atically analyzing the reorganization of TADs in re-
sponse to biological stimuli remains a technical
challenge. In this study, motivated by an initial observa-
tion of splits and mergers of individual TADs in fibro-
blast relative to endothelial cells, we developed
TADsplimer, the first algorithm to systematically detect
these events across the genome. We next applied the al-
gorithm to Hi-C data from endothelial cells, fibroblasts,
8 stages of T cell differentiation, and multiple cancer cell
lines, and uncovered important biological implications of
TAD split and merger events in these biological
contexts.

Results
Develop the TADsplimer algorithm to detect TAD splits
and mergers in one sample relative to another sample
We initially observed that several of the TADs in human
umbilical vascular endothelial cells (HUVEC) were
each organized into two smaller TADs in the fibro-
blast (a “TAD split” in fibroblast relative to HUVEC)
(Fig. 1a). This phenomenon was highly reproducible
in data generated by the same lab for different donors
of HUVEC (Fig. 1a) and was further observed in data
generated independently by another lab for these two
cell types (Fig. 1b). Similarly, we found that other
genomic regions that were each defined by two neigh-
boring TADs in the HUVEC cell were merged in the
fibroblast to form a single TAD (a “TAD merger” in
fibroblast relative to HUVEC) (Fig. 1c), and the
phenomenon is highly reproducible in data generated
by the same lab for different donors of HUVEC
(Fig. 1c), and further in data generated independently
by another lab for these two cell types (Fig. 1d).
To systematically investigate this phenomenon, we de-

veloped TADsplimer, the first algorithm for dynamic
analysis of TAD splits and mergers based on Hi-C data
from one sample relative to another sample. We de-
signed two major functions in TADsplimer. The first
function is to define individual TADs across the genome
in each sample. The second function is to calculate a
split score for each TAD in once sample relative to an-
other sample. In the first function (Fig. 1e), the input
data is the processed Hi-C reads that each indicates an

interaction between two loci in the genome. These Hi-C
reads form a contact matrix M, in which each element
Mi,j is the number of reads that each indicates an inter-
action between the loci Li and loci Lj (Fig. 1e, step I).
For each loci Li, TADsplimer then defines a flanking re-
gion in which many loci interact with Li. This region
would appear to be a strap Si in the contact matrix M,
and we will define the left and right edges for the strap
(Fig. 1e, step II). If there is a TAD, the straps defined for
individual loci in the same TAD will overlap with each
other and thus will allow us to define TAD boundaries
based on the distribution of strap edges (Fig. 1e, step
III). When TADs overlap with each other, it becomes
more difficult to match the two boundaries of each
TAD. To solve this problem, we utilized two-
dimensional kernel density estimation to calculate the
probability that a pair of boundaries comes from the
same TAD (Fig. 1e, step IV). In the second function,
TADsplimer first matches each TAD defined in one
sample to the overlapped TADs in another sample
(Fig. 1f, step V). It then calculates a split score for each
pair of TADs from the two samples based on the corner
split ratio by default, and further allows users to calcu-
late the split score based on three additional alternative
methods, including Laplacian matrix similarity (LMS)
[18], stratum-adjusted correlation coefficient (SCC) [19],
and image hashing similarity (IHS) [20] (Fig. 1f, step VI).

Simulation data demonstrated superior performance of
TADsplimer
To evaluate the performance of TADsplimer, we per-
formed a test based on a pair of simulated Hi-C datasets,
in which we know the exact split or merger sites of a
subset of simulated TADs. Receiver operating character-
istics (ROC) curve was used to compare the methods for
calculating the split score and, thus, to evaluate the ac-
curacy for the identification of TAD splits and mergers.
The AUC value for corner split ratio was 0.94, whereas
the values for the SCC, LMS, and IHS methods were
0.87, 0.81, and 0.6, respectively (Fig. 1g). Therefore, the
default method, corner split ratio, outperformed the
three alternative methods in the detection of TAD splits
and mergers.
We next determined if the methods for defining indi-

vidual TADs influenced the accuracy in detecting TAD
splits and mergers. We replaced our default TAD identi-
fication method with each of the four state-of-the-art
methods [21], including the HiCseq [22], TopDom [16],
DomainCaller [4], and IC-finder [15]. The results indi-
cated that the default method in TADsplimer outper-
formed HiCseq, TopDom, DomainCaller, and IC-finder
(Fig. 1h). Therefore, the method to define TAD is im-
portant to the accuracy of the detection of TAD splits
and mergers, and our TAD identification method in
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TADsplimer has been optimal when compared to the
existing methods.
Since Hi-C analysis often requires deep sequencing

depth, we further investigated the influence of sequen-
cing depth on the detection of TAD splits and mergers
by TADsplimer. We down-sampled the simulated Hi-C
reads (Fig. 1i) to reduce sequencing depth and evaluated
the performance of each alternative method. We ob-
served little effect on the performance of these methods
when sequencing depth decreased from 400 million to
100 million, whereas all four methods for calculating
split score show poorer performance when the
sequencing depth continued to decrease (Fig. 1j,
Additional file 1: Fig. S1A). The five methods for TAD
identification also show similar sensitivity to the sequen-
cing depth (Fig. 1k, Additional file 1: Fig. S1B). However,
the default method of TADsplimer consistently
displayed the best performance even after we reduced
the sequencing depth to 20 million (Fig. 1j, k,
Additional file 1: Fig. S1A, B). Similarly, the performance
at different Hi-C resolutions is always the best for the
default algorithm in TADsplimer when compared to
other alternative algorithms (Additional file 1: Fig. S1C).
These results again indicated that TADsplimer is an op-
timal algorithm for the detection of TAD splits and
mergers between Hi-C samples.

TADsplimer successfully detected TAD splits and mergers
in Hi-C data from different cell types
To test the performance of TADsplimer on real Hi-C
data, we compared human umbilical vascular endothelial
cells (HUVEC) with the fibroblast cell IMR90, as
endothelial-to-mesenchymal transition and fibroblast-to-
endothelial trans-differentiation are of physiological and
pathobiological importance [23]. Based on a corner split
ratio cutoff value of 0.45, which corresponds to a false-
positive rate of 0.01, TADsplimer successfully detected
613 splits but only 67 mergers of TADs in IMR90 rela-
tive to HUVEC (Fig. 2a). The splits and mergers distrib-
uted evenly on individual chromosomes, with the

number of splits plus the number of mergers ranges
from 50 to 9 on each chromosome when comparing
IMR90 to HUVEC. The difference in the pattern of
chromatin interaction between the merged and split
states of these TADs is clearly observed both by manu-
ally inspecting individual TADs (Fig. 1a) and by aligning
all differential TADs around split sites to calculate aver-
age frequency (Fig. 2b). The average size of these TADs
is 2.01Mb before splitting and 0.96Mb after splitting
(Fig. 2c). Because CTCF was known to bind on TAD
boundaries, we observed that the number of CTCF
ChIP-Seq enrichment peaks at TAD split sites signifi-
cantly increased after the splitting (Fig. 2d). We next fur-
ther used TADsplimer to detect TAD splits and mergers
between 8 human cell types and between 3 mouse cell
types. We observed a smaller number of TAD splits and
mergers between cell types that have a closer develop-
mental relationship to each other, e.g., small number
between mesoderm cell types or between ectoderm cell
types and larger number between mesoderm and ecto-
derm cell types (Fig. 2e).
We calculated the Jaccard index to measure the repro-

ducibility of the detected TAD splits and mergers
between replicates from each of the 8 human cell types.
Our results showed that the reproducibility is the high-
est for the default algorithm when compared to the
other alternative algorithms in TADsplimer (Fig. 2f).
Because we have to define TADs before defining TAD
splits and mergers, we further calculated the Jaccard
index to measure the reproducibility of identified TADs
between Hi-C replicates from each of the 8 human cell
types [12, 24]. TADsplimer showed similar performance
when compared to HiCseq and TopDom and had better
performance when compared to DomainCaller and IC-
finder (Fig. 2g). Therefore, the default algorithm is
optimal when compared to other alternative algorithms
in TADsplimer for the detection of TAD splits and
mergers in real Hi-C data.
We next questioned whether the TAD splits or

mergers are associated with biological functions of the

(See figure on previous page.)
Fig. 1 Develop the TADsplimer algorithm to detect TAD splits and mergers with high accuracy. a–d Heatmaps showing the chromatin
interactions in a fibroblast TAD that was split in HUVEC (a, b) and in a HUVEC TAD that was split in fibroblast (c, d). In each heatmap, the top
right triangle area indicates data for the fibroblast IMR90, and the bottom left triangle area indicates data for HUVEC. HUVEC data generated by
the same lab for 3 donors was indicated by 3 heatmaps in a and c. HUVEC data generated by an additional lab was indicated in b and d. All
heatmaps in a and b indicate data from the same genomic region, whereas all heatmaps in c and d indicate data from another genomic region.
The blue circle indicates chromatin loops that were not disrupted by the TAD splits. Color scales for each heatmap were indicated in the top
right and bottom left corners. e Cartoons showing steps I to IV for TAD identification in TADsplimer. f Cartoons showing the two steps to define
TAD split or merger in one sample relative to another sample in TADsplimer. g ROC curve showing the performance of four alternative methods
in TADsplimer for scoring TAD splits. h ROC curve showing the influence of five TAD identification methods on the detection of TAD splits. i
Heatmaps showing the simulated frequency of chromatin interaction at a sequencing depth of 400 million (top) or 25 million (bottom) reads. j
ROC curve distance to top left corner is plotted against Hi-C sequencing depth to show the performance of the four alternative methods in
TADsplimer for scoring TAD splits. k ROC curve distance to top left corner is plotted against Hi-C sequencing depth to show the influence of the
five TAD identification methods on detection of TAD splits

Wang et al. Genome Biology           (2020) 21:84 Page 4 of 16



Fig. 2 (See legend on next page.)

Wang et al. Genome Biology           (2020) 21:84 Page 5 of 16



analyzed cell types. We retrieved genes in the TADs that
were split or merged in IMR90 relative to HUVEC and
submitted the genes to pathway enrichment analysis
using Ingenuity Pathways Analysis (IPA, Ingenuity
System Inc., USA). Fibroblast and endothelial pathways
displayed significant enrichment in these genes (Fig. 2h),
e.g., pathways of vessel formation, which is a major func-
tion of endothelial cells, and other pathways such as the
fibroblast cell proliferation, fibroblast movement, and
cell death of fibroblast. Therefore, genes in the TADs
that were split or merged are enriched in the pathways
important for the underlying cell types.
We further evaluated the performance of alternative

algorithms in TADsplimer by comparing the enrichment
of individual biological pathways in the genes associated
with the detected TAD splits and mergers. For the path-
ways associated with TAD splits or mergers defined by
at least one of the four methods for scoring TAD split,
the largest number of enriched pathways was from the
corner split ratio method when compared to the SCC,
Laplacian, or image hashing methods (Fig. 2i). We also
evaluated the influence of TAD identification methods
on the enrichment of these pathways. For the pathways
associated with TAD splits or mergers defined based on
at least one of the five methods for TAD calling, the
largest number of enriched pathways was from TADspli-
mer when compared to the TopDom, HiCseq, Domain-
Caller, or IC-finder (Fig. 2i). Therefore, TADsplimer is
optimal for detecting functionally meaningful TAD splits
or mergers on the base of real Hi-C data.

Most TAD splits and mergers are independent of genetic
alternations
It has been reported that genetic alterations can disrupt
TADs and form neo-TADs [25, 26]. Accordingly, we in-
vestigated whether the TAD splits and mergers detected
by TADsplimer are a result of genetic structure varia-
tions such as chromatin recombination, DNA deletion,
duplication, or translocation. Intriguingly, although a
split is associated with the loss of most interactions be-
tween DNA sequences from the two sides of a split site,

chromatin loops between the two sides can remain un-
altered (Fig. 1a–d). This suggested that the two TADs
resulting from each of these TAD splits are still con-
nected; therefore, that TAD splits are unlikely caused by
chromatin recombination. Further, the TAD splits and
mergers are highly consistent when we analyze the
primary cell HUVEC from four different donors
(Fig. 1a–d). Considering that the four different donors
are unlikely to all have genetic alterations at the same
genomic location, this further suggested that TAD splits
and mergers might be independent of genetic alteration.
To further exclude the possibility that TAD splits and

mergers detected by TADsplimer are due to genetic
changes, we analyzed data [26] from two cancer cell
lines, A549 and K562. Cancer cell lines are more likely
to have genetic alterations. Whole genome sequencing
(WGS) data revealed no chromatin recombination in
these two cell lines but detected 9789 putative genomic
structure variations (SVs) of other types. Visual inspec-
tion indicated that the TAD split site could have no
overlap with these SVs (Additional file 1: Fig. S2A).
Further, the patterns of change caused by SVs to chro-
matin interaction are both expected and observed to be
different from the pattern caused by a TAD split or mer-
ger in the cell line K562 in comparison with the cell line
A549 (Additional file 1: Fig. S2A-D). We identified 496
TAD splits and mergers between these cells and found
none of them overlapped with the sites of SVs previously
defined on the basis of the expected patterns in the same
Hi-C data [26] (Additional file 1: Fig. S2E). For the 9475
putative SVs detected by WGS data [26], we observed an
overlap with only 363 TADs associated with splits and
mergers, which are less than 394 TADs observed on
average by randomizing the genomic location of SVs
1000 times (Additional file 1: Fig. S2F). Further, the SVs
detected by WGS are randomly located in the TAD and
thus are not enriched at the associated split sites
(Additional file 1: Fig. S2G). Together, these results
indicated that most (if not all) of the TAD splits and
mergers detected by TADsplimer were not likely due to
genetic structure variations.

(See figure on previous page.)
Fig. 2 TADsplimer successfully detected TAD splits. a Chromosome map showing the genomic locations of fibroblast (IMR90) TADs that were
split in HUVEC (blue) and HUVEC TADs that were split in IMR90 (red). b Heatmaps showing the average frequency of chromatin interaction in 6
aggregates: merged in HUVEC (top left) and split in IMR90 (top right), split in HUVEC (middle left) and merged in IMR90 (middle right), and all
adjoint TADs in HUVEC (bottom left) and IMR90 (bottom right). c Violin plot of TAD sizes for merged, split, and regular TADs from HUVEC and
IMR90 cells. d Boxplots showing the binding frequency of CTCF at the individual group of TAD boundaries. e Heatmaps showing the number of
split TADs between cell types. f Boxplots showing the Jaccard index of split TADs between replicates. Results were plotted for individual TAD split
identification methods. g Boxplots showing the Jaccard index of identified TADs between replicates. Results were plotted for individual TAD
calling methods. h Enrichment of representative pathways in genes associated with split or merged TADs. P value was determined by Fisher’s
exact test and adjusted by the B-H method. i Heatmaps and barplot showing the enriched pathways and the number of enriched pathways,
respectively, for genes in split and merged TADs defined by alternative methods. P value was determined by Fisher’s exact test and adjusted by
the B-H method
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TAD splits and mergers are associated with changes in
the chromatin epigenetic state
It was reported that histone modifications are highly
correlated between different sites within the same TAD,
indicating coherence of chromatin state within a TAD
[5, 12]. We thus investigated whether the smaller TADs
derived from the split of a large TAD undergo a change
in their chromatin state. We analyzed histone modifica-
tions associated with active promoter (H3K4me3), active
enhancer (H3K27ac), active transcription elongation
(H3K79me2), and repression of transcription
(H3K9me3). We first manually inspected these histone
modifications at individual TADs that were merged in
HUVEC but split in IMR90 (Fig. 3a, left panels) or
merged in IMR90 but split in HUVEC (Fig. 3a, right
panels). We found that merged TADs tend to be in a re-
pressed status, no matter it is merged in IMR90 or in
HUVEC. Intriguingly, one of the two new TADs gener-
ated by a splitting tends to become activated, no matter
the splitting happens in IMR90 or HUVEC. This obser-
vation motivated us to combine all TAD split sites from
both cell types for the analysis of histone modification
around the split sites in their associated cell type. In this
combined analysis, if the split site is in IMR90, the
histone modification data in IMR90 will be used for ana-
lysis; if the split site is in HUVEC, the histone modifica-
tion data in HUVEC will be used for analysis. Similarly,
we also combine all merge sites from both cell types for
the analysis of histone modification around the merge
sites in their associated cell type. The difference in each
type of histone modification between the two sides of
individual split sites is significantly larger than the
difference between the two sides of individual merge
sites (Fig. 3b). This observation became more obvious
when the cutoff that we used to define histone modifica-
tion sites was set to be more stringent (Additional file 1:
Fig. S3A, B). Furthermore, we used the absolute read
counts (from both peak regions and non-peak regions)
at each side of the TAD split sites to perform the ana-
lysis. The result indicated that the difference in absolute
read count is still bigger after splitting relative to before
splitting (Additional file 1: Fig. S3C). Taking together,
after a TAD splitting, the newly formed TADs at the
two sides of the split site were more likely to manifest a
difference in chromatin state.
We next investigated whether the TAD splits hap-

pened before or after the change in chromatin state. We
therefore analyzed Hi-C and DNase-Seq data [7] to
examine the dynamic interaction between the chromatin
state and the split or merger of TAD at eight stages of T
cell lineage specification, from the hematopoietic stem
and progenitor cells (HSPCs) stage to the CD4+ CD8+
double-positive (DP) stage. TADsplimer detected 152
splits and 197 mergers of TADs in total in the DP stage

when compared to the HSPC stage. Visual inspection
shows that the DNase-Seq signal appears at one side of
a TAD merger site before the merging and progressively
decreased during the merging (Fig. 3c). For 78% of the
TAD mergers, we found the mergers happened later
than the change in chromatin state (Fig. 3d, left, cluster
A). Similarly, for 62% of the TAD splits, the splits hap-
pened later than the change in chromatin state (Fig. 3d,
right, cluster A). The rest of the TAD splits and mergers
happened either earlier than or simultaneously with the
change in chromatin state. Therefore, the majority of
TAD splits and mergers happened after a change in
chromatin state during the processes of T cell lineage
specification.
We further systematically checked whether TAD splits

are more likely to be associated with an increase in acti-
vating marks or repressive marks on one side of the
split. We identified TADs that were merged in IMR90
and split in HUVEC, or split in HUVEC and merged in
IMR90. We compared each histone modification in the
merged TADs in one cell type and in their associated
split TADs in the other cell type, at each side of the split
site (Fig. 3e). We observed that in the majority (43–46%)
of the split sites, the chromatin displayed an increase of
active modifications (H3K4me3, H3K27ac, or H3K9me2)
at one side and no detectable change at the other side.
In another 28% of the split sites, the chromatin displayed
activation as assessed by a decrease in repressive marks
(H3K9me3) at one side, with no detectable change at the
other side. Thus, over 65% of split sites displayed chro-
matin activation on at least one side of a split site, by
comparing the split TADs in one cell type to their asso-
ciated merged TAD in the other cell type. Intriguingly, a
few split sites displayed chromatin repression (a decrease
of activating modification or increase of repressing
modification) at each side. We further examined the
DNase-Seq data from the eight stages of T cell lineage
specification (Fig. 3f). The results showed that split sites
were associated with the strengthening of the DNase-
Seq signal at one side and no detectable change at the
other side in 41% of cases (Fig. 3f). The percentage of
split sites associated with the strengthening of DNase-
Seq signals at both sides increased from 0 to 25% during
the splitting. In contrast, the percentage of split sites
associated with no change of DNase-Seq signals at either
side decreased from 88 to 33% during the splitting.
Together, these data indicated that the majority of TAD
splits displayed chromatin activation at one side of the
split sites.

TAD splits and mergers are associated with changes in
RNA expression at one side of the split site
The change of chromatin state at one side of the TAD
split site in response to the splitting suggests that gene
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expression level may also change at one side. To test this
hypothesis, for each split site in IMR90, we first defined
the side that displays a strong signal of a given histone
modification in IMR90 and defined the other side as dis-
playing a weak signal of that histone modification. We
also defined the two sides for each split site in HUVEC
based on the histone modification in HUVEC. The split
sites were then combined to perform statistical analysis.
We compared the expression level of genes at the strong
modification side before and after TAD splitting, and
further did the comparison at the weak modification
side. The average number of genes in each split site is
4.2. We found that the gene expression was significantly
upregulated at the active (strong active modification or
weak repressive modification) side after TAD splitting,
while the gene expression shows little change at the
other side (Fig. 4a). This result indicated that after TAD
splitting, the gene expression tends to be activated at
one side of the split site and shows no detectable change
at the other side.
We further used data from the 8 stages of T cell

lineage commitment to investigate whether the gene ex-
pression change happens before or after TAD splits and
mergers. We first analyzed merge sites between TADs
that merged during T cell lineage specification, as indi-
cated by a decrease of the split score. We observed a
large difference in the expression of genes at the two
sides of these sites in HSPC and a reduction in this dif-
ference during the T cell lineage specification. For ex-
ample, the genes Mpped2 and Fshb are at the two sides
of a TAD merge site; the gene Mpped2 was expressed in
HSPC but repressed in double-positive T cells, whereas
the gene Fshb was repressed at all 8 stages of T cell
lineage specification (Fig. 4b). For 62% of these TAD
merge sites, the mergers happened earlier than the de-
crease in the expression difference between the two sides
(Fig. 4c, left, cluster A). For the other TAD merge sites
associated with merged TADs, the mergers happen ei-
ther later than or concurrently with the decrease of the
expression difference between the two sides of a split
site (Fig. 4c, left, cluster B). For TADs that were split
during T cell lineage specification, we observed an in-
creased difference in the expression of genes between

the two sides of the split site. For 50% of these split sites,
the increase of split score preceded the increase of ex-
pression difference (Fig. 4c, right, cluster A), whereas the
other split sites displayed an increase of split score either
later than or concurrently with the increase of the ex-
pression difference between the two sides of the split site
(Fig. 4c, right, cluster B). We further assessed what
percentage of changes in the gene expression can be
explained by TAD split or merger. We identified 2514
genes with differential expression between HSPC and
DP. About 10% (242/2514) of these genes are associated
with TAD mergers or splits. Together, these results indi-
cated that the majority of TAD splits or mergers hap-
pened earlier than gene expression changes, although
some of them appear to happen concurrently with or
later than expression changes.

Discussion
Recent studies revealed that most TAD boundaries are
highly conserved across cell types [12]. It is also known
that changes in a few individual TADs have biological
implications for cell differentiation, development, and
diseases [12, 27–31]. In this study, we highlighted the
phenomenon of splits and mergers of TAD regions. We
developed a novel computational algorithm, TADspli-
mer, for detecting TAD splits and mergers based on Hi-
C data from one biological sample relative to another
sample. Simulation data indicated the optimal perform-
ance of the default algorithm in TADsplimer when com-
pared to alternative algorithms. Using Hi-C data from
multiple cell types, we demonstrated that TADsplimer
successfully detected functionally relevant splits and
mergers of TADs. TADsplimer is novel and may be of
great scientific utility in the following three aspects.
First, TADsplimer is the first computational tool to
analyze splits and mergers of TADs between two Hi-C
samples. Previous tools are designed to define individual
TADs based on each single Hi-C sample. Little attention
is paid to the comparison of TAD structure between dif-
ferent biological conditions, for example, at different
stages during cell differentiation. Second, we used an in-
tegrated statistical framework to jointly optimize the
performance of both TAD identification and analysis of

(See figure on previous page.)
Fig. 3 TAD splits and mergers are associated with changes in chromosome state. a Heatmaps of chromatin interactions determined by Hi-C (top
panels) and Genome Browser tracks of ChIP-Seq signal for histone modifications (bottom panels) in HUVEC and IMR90. Vertical dash lines indicate
TAD split sites. Color scales for each heatmap were indicated in the top right and bottom left corners. b Boxplot showing the difference in each
histone modification between the two sides of TAD boundaries in HUVEC and IMR90 cells. c Heatmaps of chromatin interactions determined by
Hi-C and DNase-Seq signal around a TAD split site at five stages of T cell lineage specification. d Heatmap of TAD split score (top panels) and fold
difference of DNase-Seq signal between the two sides (bottom panels) of individual TAD merge sites (left panels) and split sites (right panels). e, f
Percentage of TAD split sites associated with each category of histone modification change between IMR90 and HUVEC (e) or DNase-Seq signal
change across the 8 stages of T cell lineage specification (f). “↑,” “↓,” and “−” denote increase, decrease, and no change of a histone modification
or DNase-Seq signal at one side of the split site in response to the splitting. Each category of change is defined by changes at the two sides of
the split site. For T cell lineage specification, the TAD splits are defined between DP and HSPC cells
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TAD splits and mergers. This allowed TADsplimer to
significantly improve the accuracy for detection of TAD
splits and mergers when compared to other state-of-the-
art TAD identification methods. Third, we provided a
simulation data to estimate the performance of different
algorithms and also used the significance of pathway

enrichment to evaluate the performance based on real
Hi-C data. The results demonstrated that TADsplimer
successfully identified biologically significant TAD splits
and mergers with high accuracy.
Recent studies have revealed that during cell differenti-

ation, stimulation response, or cancer development,

Fig. 4 TAD splits and mergers are associated with changes in gene expression. a Boxplot indicating the expression level of genes at the two
sides of TAD split sites before and after splitting. b Arc plot showing the chromatin interactions (top) and gene expression (bottom) at 5 stages
of T cell lineage specification. One gene from each side of the split site was indicated. c Heatmaps of split scores for individual split sites (top
panels) and fold difference of gene expression between the two sides of the split site (bottom panels) at 8 stages of T cell lineage specification.
Genes with an expression value (FPKM) larger than 1 were analyzed
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chromatin 3D structure is reorganized by A/B compart-
ment switching events [7, 32, 33]. Chromatin 3D struc-
ture is also reported to be reorganized due to genetic
alterations, e.g., DNA copy number variation and trans-
locations [32, 34–37]. At the level of TADs, it has been
reported that a subset of TADs shows changes in inter-
action frequency within each TAD during cell lineage
specification [10]. In this study, we found that a number
of TADs can change their structures by splitting or mer-
ging in one cell type relative to another cell type, som-
atic cell types, cancer cell lines, and individual cell types
at the 8 stages of T cell differentiation. The structure
changes of those TADs are associated with epigenetic al-
terations in the chromatin and changes of the gene ex-
pression. Pathway enrichment analysis also shows that
genes in the structurally changed TADs were highly as-
sociated with the differentiation pathways of these cells.

Conclusions
We have demonstrated that TADsplimer overcomes the
unique challenges of systematically detecting the splits
and merges of TADs between Hi-C samples. We further
developed the first set of benchmarks to evaluate the ac-
curacy of the identification of TAD splits and merges.
Our computational pipeline, TADsplimer, will serve as a
valuable tool to compare TADs under different bio-
logical conditions and facilitate the functional under-
standing of chromatin structure organization in
numerous biological models and disease processes.

Methods
TAD identification
In the first step of the algorithm, we denote the Hi-C
matrix as M = {Mi, j : i = 1 : n, j = 1 : n}, where Mi,j is the
contact probability between bins i and j. For bin i, we
define a contact strap Si as:

Si ¼ Mi;t : Li≤ t≤Ri
� �

; ð1Þ

where Li is the left edge of the contact strap, and Ri is
the right edge of the contact strap (Fig. 1c, II). Let Y1

and Y2 denote the random variables for the observed
intra-strap contact and extra-strap contact. We model
the normalized Hi-C data by a Gaussian distribution as
follows:

Y 1 � N μ1; σ
2
1

� �
; ð2Þ

Y 2 � N μ2; σ
2
2

� �
; ð3Þ

where N(μ, σ2) is a Gaussian distribution with mean μ
and variance σ2. Parameters of two Gaussian distribu-
tions are estimated using the maximum likelihood esti-
mation. For bin i, we then use the binary segmentation
method [38], which is widely used in the detection of

change point, to estimate the position for Li and Ri. For-
mally, to infer the position of Li and Ri, we define the
following likelihood ratio of bin i as a cost function
which is maximized using the binary segmentation
method:

LR ¼ L Mi;1:Li

� �þ L Mi;Ri:n
� �

þ L Mi;Li:Ri

� �
−L Mi;1:n

� � ð4Þ

We apply the binary segmentation method to estimate
the position of the left and right edges for all straps. To
calculate the distribution of the left and right edges, we
estimate the density function using the Gaussian distri-
bution as the smooth kernel function and then calculate
the probability for each bin.
In the second step of the algorithm, we infer TAD

boundaries based on an assumption that strap edges of a
TAD are distributed around its boundary (Fig. 1c, step
III). The distribution of TAD boundaries is estimated
based on a Bayesian method [39] using the distribution
of strap edges as priors. In this part, we summarize their
main model and present the changes made to the algorithm
for detecting TAD boundaries. Let EL ¼ fEL

i : i ¼ 1 : ng
and ER ¼ fER

i : i ¼ 1 : ng denote the possibility of the
left and right edges in each bin estimated in the first
step. We next estimate the distribution of the left and
right boundaries. We assume that there is a partition
that divides EL (or ER) into contiguous block, such
means of EL (or ER) are equal within each block but
different between neighboring blocks. The partition is
initialized as a zero partition ρ = {U1,U2,⋯,Un} = {0,
0,⋯, 0, 1}, where Ui = 1 indicates a block change point
at bin i + 1 and then updates ρ by a Markov chain
Monte Carlo (MCMC) method. In each step of the
Markov chain, a value of Ui is drawn from the condi-
tional distribution of Ui given EL (or ER) and the
current bin i. From Barry et al.’s work, we know that
the transition probability, p = {p1, p2,⋯, pn}, is:

pi
1−pi

¼ P Ui ¼ 1jX;U j; j≠i
� �

P Ui ¼ 0jX;U j; j≠i
� �

¼
R p0
0 tm 1−tð Þn−m−1dtR p0
0 tm 1−tð Þn−mdt ∙

R w0

0

w
m
2

W 1 þ B1wð Þn−12
dw

R w0

0

w
m
2

W 0 þ B0wð Þn−12
dw

;

ð5Þ

where X is PL or PR; W0, B0, W1, and B1 are the within-
and between-block sums of squares obtained when Ui =
0 and Ui = 1, respectively; m is the number of blocks;
and p0 and w0 are the hyperparameters of priors to con-
trol the sensitivity of the algorithm. Then, the posterior
means are conditionally updated based on the current
partition after each iteration and is used to infer the
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possibility of a TAD boundary at each locus. The prob-
ability density function of the left and right boundaries
is:

f L xð Þ ¼
Xn
i¼1

μLi ∙1Bi xð Þ; ð6Þ

f R xð Þ ¼
Xn
i¼1

μRi ∙1Bi xð Þ; ð7Þ

1Bi xð Þ ¼ 1; if x∈Bi

0; otherwise

�
; ð8Þ

where μLi and μRi are the posterior means, and Bi is the
ith block.
In the third step of the algorithm, we estimate the prob-

ability that a pair of the left and right boundaries forms a
TAD (Fig. 1c, IV). Let W ¼ fðEL

i ; E
R
i Þ : i ¼ 1 : ng denotes

each pair of the left and right edges for each strap Si. We
use the bivariate normal kernel to estimate the probability
density function of W which is denoted as fP(xL, xR). The
probability of TAD located between bin m and bin n can
be written as follows:

PT
m;n ¼

X
m≤ i; j≤n

f L ið Þ∙ f R jð Þ∙ f P i; jð Þ: ð9Þ

Differential signal calculation
Considering two Hi-C experiments under two condi-
tions, c1 and c2, we first use a set of TADs τ = {τ1, τ2,
⋯, τt} in the first biological condition as a reference to
infer the matched TADs in the second condition. A cod-
ing tree of TADsplimer algorithm is defined as follows:
Initiation τ = {τ1, τ2,⋯, τt}, where li is the left boundary

of τi and ri is the right boundary of τi, p = 1, P = {}.
Use Hi-C contact map of c2 as input to calculate fL, fR,

and fP;
for i = {1, 2,⋯, t},
set l0 = li, r0 = li;
while l0 < ri
Choose l0 ≤ γ ≤ ri such that the fL(l0) ∙ f

R(γ) ∙ fP(l0, γ) is
maximized:
set p = p ∙ fL(l0) ∙ f

R(γ) ∙ fP(l0, γ);
set l0 = γ;
set p = p ∙ fL(l0) ∙ f

R(ri) ∙ f
P(l0, ri);

Append p to P:
set p = 1;
return P.
Using the same strategy for two conditions, TADspli-

mer outputs the possibility that a big TAD matches with
small TADs for each TAD in two conditions.
As TADsplimer allows hierarchical structures of

TADs, it is possible that small TADs that are matched
with the big TAD are sub-TADs but not truly split

TADs. To avoid this problem, we further calculate four
differential scores to measure the similarity of TADs
under two experimental conditions. The four differential
scores are corner split ratio (CSR), Laplacian matrix
similarity (LMS), stratum-adjusted correlation coefficient
(SCC), and image hashing similarity (IHS). To calculate
the corner split ratio, let ðLc1Ti

;Rc1
Ti
Þ denotes a pair of the

left and right boundaries for TAD Ti in the condition c1,
and fðLc2T j

;Rc2
T j
Þ : j ¼ 1 : sg denotes a set of pair of the

left and right boundaries for TADs in condition c2 which
are matched with Ti. In conditions c1 and c2, we further
denote the sub-matrix of contact probability on fðLc2T j

;

Rc2
T j
Þ : j ¼ 1 : sg as:

Tc1
S ¼ ⋃ j¼1:s Mc1

h;k : L
c1
T j
≤h; k≤Rc1

T j

n o
;

Tc2
S ¼ ⋃ j¼1:s Mc2

h;k : L
c2
T j
≤h; k≤Rc2

T j

n o
;

and denote the sub-matrix of contact probability on ðLc1Ti
;

Rc1
Ti
Þ as:

Tc1
B ¼ Mc1

h;k : L
c1
Ti
≤h; k ≤Rc1

Ti

n o
;

Tc2
B ¼ Mc1

h;k : L
c2
Ti
≤h; k ≤Rc2

Ti

n o
:

We estimate the mean of Tc1
S , T

c2
S , T

c1
B ∩

�Tc1
S , and Tc2

B ∩
�Tc2
S as μc1S , μ

c2
S , μ

c1
K , and μc2K , respectively. The corner split

ratio is defined as:

ρ Tc1
B ;T

c2
Bð Þ ¼ μc1K

μc1S
−
μc2K
μc2S

����
����; ð10Þ

where || || is the Euclidean distance.
Three alternative differential score methods are

Laplacian matrix similarity (LMS), stratum-adjusted cor-
relation coefficient (SCC), and image hashing similarity
(IHS). We use the HiC-spector, the HiCRep package,
and the OpenCV to apply LMS, SCC, and IHS for meas-
uring the similarity of each TAD between the two
conditions.

Simulation of Hi-C data
We first simulate TAD boundaries for two conditions.
We generate Hi-C contact matrix that contains 20 TADs
for each condition, with a bin size of 10 kb in the matrix.
For one condition, we simulate 20 TADs of which the
size ranges from 100 to 500 bins. For the other condi-
tion, we randomly select 5 TADs to merge with the
TAD next to them. Second, we simulate the contact
probability for two conditions based on a Poisson distri-
bution. Considering the effect of the distance [40], we
simulate the contact probability of each TAD between
bin i and bin j as:
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log Mi; j
� � ¼ Poisson

μ
i− jj j

� 	
; ð11Þ

where μ is the mean of contact probability in each TAD
which is set to range from 1 to 3. To estimate the per-
formances of prediction on simulation data, we apply
the ROC curve using the ROCR package.

Processing of Hi-C data
All Hi-C data were processed using the bioinformatics
toolkit Juicer version 1.13.01 (https://github.com/aiden
lab/juicer/wiki) [41]. We used the Juicer with default
parameters to map human Hi-C reads against the refer-
ence genome version hg19 to generate the .hic file,
which is a compressed binary file that contains contact
matrices, Similarly, mouse Hi-C reads were aligned
against the reference genome version mm9 to generate
the .hic files using Juicer with default parameters. We
then used the Dump function in Juicer to extract .txt
files, the matrix format of contact matrices, from the .hic
files at a resolution of 10 kb with vanilla coverage
normalization [12]. Vanilla coverage normalization is a
method in which the value of each element in a matrix
is first divided by the sum of all values in the associated
row and subsequently further divided by the sum of all
values in the associated column.

Visualization of Hi-C data
Heatmaps of Hi-C matrices were visualized using the
bioinformatics tool Juicebox (https://aidenlab.org/soft
ware.html) [42] at a resolution of 10 kb using “cover-
age” normalization method, which applies vanilla
coverage normalization to the Hi-C matrices. The
color in each heatmap indicates the normalized num-
ber of Hi-C reads. Arc plot of Hi-C data was gener-
ated using the WashU Epigenome Browser (https://
epigenomegateway.wustl.edu).

Identification of TAD split/mergers
A full tab-separated value (TSV) matrix at a resolution
of 10 kb is used as the input for TADsplimer. In the real
Hi-C data analysis of our study, this input data is the
output contact map from the tool Juicer, with vanilla
coverage normalization at 10 kb resolution. The row and
column of the input matrices represent two genomic
loci, and the value of an element in the input matrices
indicates the frequency of interaction between the two
genomic loci associated with the row and column. We
used the corner split ratio method in TADsplimer to
identify TAD splits or mergers with a cutoff value of
0.45, which corresponds to a false-positive rate (FDR) of
0.01. All split scores used for further analysis were calcu-
lated by the corner split ratio method described above in
detail. We used the z-score method to further normalize

the split score for comparison between the eight stages
of T cell differentiation (Figs. 3d and 4c).

Assessing the performance of TADsplimer
To define TADs, we used four existing tools, including
HiCseq, TopDom, DomainCaller, and IC-finder. For
HiCseq, we used the Gaussian distribution method to
identify TADs. The other parameters of HiCseq were set
as the default values. For TopDom, the parameter win-
dow size was set to 10. The other parameters were set as
the default values. For IC-Finder, all parameters were set
as default values. For DomainCaller, we used the win-
dow size 500 kb to correspond to the window size set-
ting described in the main document for the 10 kb. To
calculate the TAD split score, we used four methods in-
cluding CSR, LMS, SCC, and IHS. A FDR of 0.01 was
used as the cutoff for each method. To measure the
performance of TAD identification in real Hi-C data, we
calculate the Jaccard index for the overlap of the identi-
fied TADs between replicates. The Jaccard index was
defined as the number of overlapped TADs (intersec-
tion) divided by the number of all TADs (union) from
both replicates [43]:

J W 1;W 2ð Þ ¼ j W 1∩W 2 j
j W 1∪W 2 j ;

where W1 and W2 are the length TADs. The perform-
ance of TAD splits and mergers identified in real Hi-C
data was also measured by the Jaccard index of overlap
between replicates.

Analysis of ChIP-Seq data
For ChIP-Seq data analysis, the sequencing reads
from human cell lines were mapped to the human
reference genome version hg19, and the sequencing
reads of mouse cell lines were mapped to the mouse
reference genome version mm9 using the bioinfor-
matics tool Bowtie version 1.1.0 with default parame-
ters. Only the uniquely mapped reads were used for
downstream analysis. We used the Danpos version
2.2.2 [44, 45] to define ChIP-Seq or DNase-Seq en-
richment peaks. We normalized the average reads
density across the genome to 0.65 reads/bp using
Danpos2. The “Dpeak” function in Danpos2 was used
for peak calling with default parameters. In the read
data analysis, the signal of ChIP-Seq data is defined
as the normalized ChIP-Seq read count at each base
pair.

Analysis of RNA-Seq data
The reference gene set UCSC Known Genes were
downloaded from the UCSC Genome Browser website
(http://hgdownload.soe.ucsc.edu/downloads.html) [46].
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We mapped the RNA-Seq reads to the human gen-
ome version hg19 or mouse genome version mm9
using TopHat (v2.0.12) with default parameters. The
bioinformatics tool Cuffdiff (version 2.0.12) was used
to calculate the gene expression level and significance
of differential expression based on the classic-FPKM
with default parameters. To analyze the changes of
RNA expression in the split or merged TADs between
the eight stages of T cell differentiation, we first cal-
culated the fold difference of FPKM value for each
possible pair of genes from the two sides of each split
site. We then analyzed whether this fold difference
increases or decreases in response to TAD splits or
mergers. Expressed genes, whose FPKM values are
larger than 1, were included in the analysis.

Pathway enrichment analyses
Ingenuity Pathway Analysis (IPA) for genes that are
located in the split or merged TADs was performed.
Both the canonic pathways and functional pathways
in the annotation database of IPA were used to do
the pathway enrichment analysis. The IPA used Fish-
er’s exact test to determine the significance of enrich-
ment and used the Benjamini-Hochberg (B-H)
methods to adjusted the p value for multiple test. A
B-H-adjusted p value cutoff of 0.05 was used to select
significantly enriched pathways. Given that there are
n, n1, and n2 genes in the reference gene set, in the
split and merged TADs, and in an IPA pathway, the
number of overlap expected by random chance be-
tween the n1 genes and the n2 genes will be ne = n1 ×
n2/n. Given that the observed number of overlap be-
tween the n1 genes and the n2 genes is no, then the
fold enrichment for this pathway will be f = no/ne. The
IPA has a function to perform a comparative analysis
of pathway enrichment between multiple different
gene sets; we therefore used this function to compare
between genes in the split and merged TADs defined
by the multiple alternative algorithms in TADsplimer.

Statistical analyses
All statistical analyses were conducted using the R
version 3.5.1. Wilcoxon test was performed using the
function wilcox.test from the stats package. The
permutation test was performed using the permTS
function from the perm package (https://cran.r-pro
ject.org/web/packages/perm/index.html) with default
parameters. The circular permutation test was per-
formed using the the enrichmentAnalysis function
from the shiftR package (https://cran.r-project.org/
web/packages/shiftR/index.html) with a npermute par-
ameter value of 1000.

Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s13059-020-01992-7.

Additional file 1: Supplementary Figure S1-S3.

Additional file 2: Review history.

Acknowledgements
We would like to thank all members of the Chen Lab and Cao Lab for their
critical comments and helpful discussions on this study.

Review history
The review history is available as Additional file 2.

Peer review information
Barbara Cheifet and Andrew Cosgrove were the primary editors of this article
and managed its peer review and editorial process in collaboration with the
rest of the editorial team.

Authors’ contributions
KC conceived the project and interpreted the data. GW performed the data
analysis. SZ helped with data analysis. KC, GW, QM, and QC wrote the
manuscript with comments from JC, BX, SZ, JL, DZ, YL, XW, YB, and LZ. The
authors read and approved the final manuscript.

Authors’ information
Twitter handles: @kaifu3 (Kaifu Chen), @GuangyuWang6 (Guangyu Wang),
@Qingshu4 (Qingshu Meng), and @szhang32 (Shuo Zhang).

Funding
This work was supported in part by NIH grants (GM125632 to KC, HL133254
to KC, and R01CA208257 to QC and Prostate SPORE P50CA180995 DRP), DoD
grants (W81XWH-15-1-0639, W81XWH-19-1-0563 and W81XWH-17-1-0357 to
QC), American Cancer Society (RSG-15-192-01 to QC), Prostate Cancer Foun-
dation (13YOUN007 to QC), and Northwestern Univ. Polsky Urologic Cancer
Institute (to Q.C.).

Availability of data and materials
The Hi-C data for the human cell lines IMR90, HUVEC, K562, GM12878, KBM7,
Hela, HMEC, and NHEK were downloaded from the GEO database with the
accession number GSE63525 [12]. The Hi-C data for HUVEC were down-
loaded from the GEO database with the accession numbers GSE63525 [12]
and GSM2595581 [27]. The Hi-C data for the eight stages of T cell differenti-
ation and the cell line A549 were downloaded from the GEO database with
the accession numbers GSE79422 [7] and GSM2437834, respectively. The Hi-
C data for mouse ES, NPC, and CN were downloaded from the GEO database
with the accession number GSE96107 [24]. The RNA-Seq data and ChIP-Seq
data for IMR90 and HUVEC were downloaded from the ENCODE project
website (https://www.encodeproject.org/). Specifically, the accession num-
bers for H3K79me2, H3K27ac, H3K4me3, and H3K9me3 from the IMR90 cell
line are ENCSR831JSP, ENCSR002YRE, ENCSR087PFU, and ENCSR055ZZY, re-
spectively. The accession numbers for H3K79me2, H3K27ac, H3K4me3, and
H3K9me3 from the HUVEC cell are ENCSR000ASD, ENCSR000ALB,
ENCSR578QSO, and ENCSR000ATB, respectively. The accession numbers for
RNA-Seq data from the IMR90 and HUVEC cells are ENCSR000CTK and
ENCSR000COZ, respectively. The RNA-Seq data and DNase-Seq data for the
eight stages of T cell differentiation were downloaded from the GEO data-
base with the accession number GSE79422 [7]. WGS data for A549 and K562
were downloaded from the SRA database with the accession number
PRJNA380394 [26]. We downloaded the genome location of SVs that were
detected by WGS and Hi-C data in A546 and K562 cell lines from a recent
publication [26].
A python package implementing the TADsplimer algorithm is available at
the following website: https://github.com/GuangyWang/TADsplimer.git [47].
DOIs for the individual releases of TADsplimer are available under DOI:
https://doi.org/10.5281/zenodo.3553025 [48]. The source code is released
under an open-source license compliant with the MIT License which is ap-
proved by Open-Source Licenses (OSI) (https://opensource.org/licenses).

Wang et al. Genome Biology           (2020) 21:84 Page 14 of 16

https://cran.r-project.org/web/packages/perm/index.html
https://cran.r-project.org/web/packages/perm/index.html
https://cran.r-project.org/web/packages/shiftR/index.html
https://cran.r-project.org/web/packages/shiftR/index.html
https://doi.org/10.1186/s13059-020-01992-7
https://doi.org/10.1186/s13059-020-01992-7
https://www.encodeproject.org/
https://github.com/GuangyWang/TADsplimer.git
https://doi.org/10.5281/zenodo.3553025
https://opensource.org/licenses


Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1Center for Bioinformatics and Computational Biology, Houston Methodist
Research Institute, Houston, TX 77030, USA. 2Center for Cardiovascular
Regeneration, Houston Methodist Research Institute, Houston, TX 77030,
USA. 3Department of Cardiothoracic Surgery, Weill Cornell Medicine, Cornell
University, New York, NY 10065, USA. 4Department of Urology, Northwestern
University Feinberg School of Medicine, Chicago, IL 60611, USA. 5Robert H.
Lurie Comprehensive Cancer Center, Northwestern University Feinberg
School of Medicine, Chicago, IL 60611, USA.

Received: 10 July 2019 Accepted: 9 March 2020

References
1. Li GL, et al. Extensive promoter-centered chromatin interactions provide a

topological basis for transcription regulation. Cell. 2012;148:84–98. https://
doi.org/10.1016/j.cell.2011.12.014.

2. Zhang YB, et al. Chromatin connectivity maps reveal dynamic promoter-
enhancer long-range associations. Nature. 2013;504:306. https://doi.org/10.
1038/nature12716.

3. Roy AL, Sen R, Roeder RG. Enhancer-promoter communication and
transcriptional regulation of Igh. Trends Immunol. 2011;32:532–9. https://doi.
org/10.1016/j.it.2011.06.012.

4. Dixon JR, et al. Topological domains in mammalian genomes identified by
analysis of chromatin interactions. Nature. 2012;485:376–80. https://doi.org/
10.1038/nature11082.

5. Nora EP, et al. Spatial partitioning of the regulatory landscape of the X-
inactivation centre. Nature. 2012;485:381–5. https://doi.org/10.1038/
nature11049.

6. Sexton T, et al. Three-dimensional folding and functional organization
principles of the Drosophila genome. Cell. 2012;148:458–72. https://doi.org/
10.1016/j.cell.2012.01.010.

7. Hu GQ, et al. Transformation of accessible chromatin and 3D nucleome
underlies lineage commitment of early T cells. Immunity. 2018;48:227.
https://doi.org/10.1016/j.immuni.2018.01.013.

8. Krijger PHL, et al. Cell-of-origin-specific 3D genome structure acquired
during somatic cell reprogramming. Cell Stem Cell. 2016;18:597–610.
https://doi.org/10.1016/j.stem.2016.01.007.

9. Jin FL, et al. A high-resolution map of the three-dimensional chromatin
interactome in human cells. Nature. 2013;503:290–4. https://doi.org/10.1038/
nature12644.

10. Dixon JR, et al. Chromatin architecture reorganization during stem cell
differentiation. Nature. 2015;518:331–6. https://doi.org/10.1038/nature14222.

11. Smith EM, Lajoie BR, Jain G, Dekker J. Invariant TAD boundaries constrain
cell-type-specific looping interactions between promoters and distal
elements around the CFTR locus. Am J Hum Genet. 2016;98:185–201.
https://doi.org/10.1016/j.ajhg.2015.12.002.

12. Rao SS, et al. A 3D map of the human genome at kilobase resolution
reveals principles of chromatin looping. Cell. 2014;159:1665–80. https://doi.
org/10.1016/j.cell.2014.11.021.

13. Dixon JR, Gorkin DU, Ren B. Chromatin domains: the unit of
chromosome organization. Mol Cell. 2016;62:668–80. https://doi.org/10.
1016/j.molcel.2016.05.018.

14. Wang XT, Cui W, Peng C. HiTAD: detecting the structural and functional
hierarchies of topologically associating domains from chromatin
interactions. Nucleic Acids Res. 2017;45:e163. https://doi.org/10.1093/nar/
gkx735.

15. Haddad N, Vaillant C, Jost D. IC-Finder: inferring robustly the hierarchical
organization of chromatin folding. Nucleic Acids Res. 2017;45:e81. https://
doi.org/10.1093/nar/gkx036.

16. Li AS, et al. Decoding topologically associating domains with ultra-low
resolution Hi-C data by graph structural entropy. Nat Commun. 2018;9:3265.
https://doi.org/10.1038/s41467-018-05691-7.

17. Yu WB, He B, Tan K. Identifying topologically associating domains and
subdomains by Gaussian mixture model and proportion test. Nat Commun.
2017;8:535. https://doi.org/10.1038/s41467-017-00478-8.

18. Yan KK, Yardimci GG, Yan CF, Noble WS, Gerstein M. HiC-spector: a
matrix library for spectral and reproducibility analysis of Hi-C contact
maps. Bioinformatics. 2017;33:2199–201. https://doi.org/10.1093/
bioinformatics/btx152.

19. Yang T, et al. HiCRep: assessing the reproducibility of Hi-C data using a
stratum-adjusted correlation coefficient. Genome Res. 2017;27:1939–49.
https://doi.org/10.1101/gr.220640.117.

20. Lang B, Wu B, Liu Y, Liu XL, Zhang BY. Fast graph similarity search via
hashing and its application on image retrieval. Multimed Tools Appl. 2018;
77:16177–98. https://doi.org/10.1007/s11042-017-5194-8.

21. Zufferey M, Tavernari D, Oricchio E, Ciriello G. Comparison of computational
methods for the identification of topologically associating domains.
Genome Biol. 2018;19:217. https://doi.org/10.1186/s13059-018-1596-9.

22. Levy-Leduc C, Delattre M, Mary-Huard T, Robin S. Two-dimensional
segmentation for analyzing Hi-C data. Bioinformatics. 2014;30:I386–92.
https://doi.org/10.1093/bioinformatics/btu443.

23. Li Y, Lui KO, Zhou B. Reassessing endothelial-to-mesenchymal transition in
cardiovascular diseases. Nat Rev Cardiol. 2018;15:445–56. https://doi.org/10.
1038/s41569-018-0023-y.

24. Bonev B, et al. Multiscale 3D genome rewiring during mouse neural
development. Cell. 2017;171:557–572 e524. https://doi.org/10.1016/j.cell.
2017.09.043.

25. Franke M, et al. Formation of new chromatin domains determines
pathogenicity of genomic duplications. Nature. 2016;538:265. https://doi.
org/10.1038/nature19800.

26. Dixon JR, et al. Integrative detection and analysis of structural variation in cancer
genomes. Nat Genet. 2018;50:1388. https://doi.org/10.1038/s41588-018-0195-8.

27. Zirkel A, et al. HMGB2 loss upon senescence entry disrupts genomic
organization and induces CTCF clustering across cell types. Mol Cell. 2018;
70:730. https://doi.org/10.1016/j.molcel.2018.03.030.

28. Mateo LJ, et al. Visualizing DNA folding and RNA in embryos at single-cell
resolution. Nature. 2019;568:49. https://doi.org/10.1038/s41586-019-1035-4.

29. Berlivet S, et al. Clustering of tissue-specific sub-TADs accompanies the
regulation of HoxA genes in developing limbs. PLoS Genet. 2013;9:
e1004018. https://doi.org/10.1371/journal.pgen.1004018.

30. Phillips-Cremins JE, et al. Architectural protein subclasses shape 3D
organization of genomes during lineage commitment. Cell. 2013;153:1281–
95. https://doi.org/10.1016/j.cell.2013.04.053.

31. Yu M, Ren B. The three-dimensional organization of mammalian genomes.
Annu Rev Cell Dev Biol. 2017;33:265–89. https://doi.org/10.1146/annurev-
cellbio-100616-060531.

32. Barutcu AR, et al. Chromatin interaction analysis reveals changes in small
chromosome and telomere clustering between epithelial and breast cancer
cells. Genome Biol. 2015;16. https://doi.org/10.1186/s13059-015-0768-0.

33. Nagano T, et al. Cell-cycle dynamics of chromosomal organization at single-
cell resolution. Nature. 2017;547:61. https://doi.org/10.1038/nature23001.

34. Taberlay PC, et al. Three-dimensional disorganization of the cancer genome
occurs coincident with long-range genetic and epigenetic alterations.
Genome Res. 2016;26:719–31. https://doi.org/10.1101/gr.201517.115.

35. Rafique S, Thomas JS, Sproul D, Bickmore WA. Estrogen-induced chromatin
decondensation and nuclear re-organization linked to regional epigenetic
regulation in breast cancer. Genome Biol. 2015;16:145. https://doi.org/10.
1186/s13059-015-0719-9.

36. Wu PZ, et al. 3D genome of multiple myeloma reveals spatial genome
disorganization associated with copy number variations. Nat Commun.
2017;8:1937. https://doi.org/10.1038/s41467-017-01793-w.

37. Bianco S, et al. Polymer physics predicts the effects of structural variants on
chromatin architecture. Nat Genet. 2018;50:662. https://doi.org/10.1038/
s41588-018-0098-8.

38. Fryzlewicz P. Wild binary segmentation for multiple change-point detection.
Ann Stat. 2014;42:2243–81. https://doi.org/10.1214/14-Aos1245.

39. Barry D, Hartigan JA. A Bayesian analysis for change point problems. J Am
Stat Assoc. 1993;88:309–19. https://doi.org/10.1080/01621459.1993.10594323.

40. Sanborn AL, et al. Chromatin extrusion explains key features of loop
and domain formation in wild-type and engineered genomes. Proc Natl

Wang et al. Genome Biology           (2020) 21:84 Page 15 of 16

https://doi.org/10.1016/j.cell.2011.12.014
https://doi.org/10.1016/j.cell.2011.12.014
https://doi.org/10.1038/nature12716
https://doi.org/10.1038/nature12716
https://doi.org/10.1016/j.it.2011.06.012
https://doi.org/10.1016/j.it.2011.06.012
https://doi.org/10.1038/nature11082
https://doi.org/10.1038/nature11082
https://doi.org/10.1038/nature11049
https://doi.org/10.1038/nature11049
https://doi.org/10.1016/j.cell.2012.01.010
https://doi.org/10.1016/j.cell.2012.01.010
https://doi.org/10.1016/j.immuni.2018.01.013
https://doi.org/10.1016/j.stem.2016.01.007
https://doi.org/10.1038/nature12644
https://doi.org/10.1038/nature12644
https://doi.org/10.1038/nature14222
https://doi.org/10.1016/j.ajhg.2015.12.002
https://doi.org/10.1016/j.cell.2014.11.021
https://doi.org/10.1016/j.cell.2014.11.021
https://doi.org/10.1016/j.molcel.2016.05.018
https://doi.org/10.1016/j.molcel.2016.05.018
https://doi.org/10.1093/nar/gkx735
https://doi.org/10.1093/nar/gkx735
https://doi.org/10.1093/nar/gkx036
https://doi.org/10.1093/nar/gkx036
https://doi.org/10.1038/s41467-018-05691-7
https://doi.org/10.1038/s41467-017-00478-8
https://doi.org/10.1093/bioinformatics/btx152
https://doi.org/10.1093/bioinformatics/btx152
https://doi.org/10.1101/gr.220640.117
https://doi.org/10.1007/s11042-017-5194-8
https://doi.org/10.1186/s13059-018-1596-9
https://doi.org/10.1093/bioinformatics/btu443
https://doi.org/10.1038/s41569-018-0023-y
https://doi.org/10.1038/s41569-018-0023-y
https://doi.org/10.1016/j.cell.2017.09.043
https://doi.org/10.1016/j.cell.2017.09.043
https://doi.org/10.1038/nature19800
https://doi.org/10.1038/nature19800
https://doi.org/10.1038/s41588-018-0195-8
https://doi.org/10.1016/j.molcel.2018.03.030
https://doi.org/10.1038/s41586-019-1035-4
https://doi.org/10.1371/journal.pgen.1004018
https://doi.org/10.1016/j.cell.2013.04.053
https://doi.org/10.1146/annurev-cellbio-100616-060531
https://doi.org/10.1146/annurev-cellbio-100616-060531
https://doi.org/10.1186/s13059-015-0768-0
https://doi.org/10.1038/nature23001
https://doi.org/10.1101/gr.201517.115
https://doi.org/10.1186/s13059-015-0719-9
https://doi.org/10.1186/s13059-015-0719-9
https://doi.org/10.1038/s41467-017-01793-w
https://doi.org/10.1038/s41588-018-0098-8
https://doi.org/10.1038/s41588-018-0098-8
https://doi.org/10.1214/14-Aos1245
https://doi.org/10.1080/01621459.1993.10594323


Acad Sci U S A. 2015;112:E6456–65. https://doi.org/10.1073/pnas.
1518552112.

41. Durand NC, et al. Juicer provides a one-click system for analyzing loop-
resolution Hi-C experiments. Cell Syst. 2016;3:95–8. https://doi.org/10.1016/j.
cels.2016.07.002.

42. Robinson JT, et al. Juicebox.js provides a cloud-based visualization system
for Hi-C data. Cell Syst. 2018;6:256. https://doi.org/10.1016/j.cels.2018.01.001.

43. Forcato M, et al. Comparison of computational methods for Hi-C data
analysis. Nat Methods. 2017;14:679–85. https://doi.org/10.1038/nmeth.4325.

44. Chen KF, et al. DANPOS: dynamic analysis of nucleosome position and
occupancy by sequencing. Genome Res. 2013;23:341–51. https://doi.org/10.
1101/gr.142067.112.

45. Chen K, et al. Broad H3K4me3 is associated with increased transcription
elongation and enhancer activity at tumor-suppressor genes. Nat Genet.
2015;47:1149–57. https://doi.org/10.1038/ng.3385.

46. Kent WJ, et al. The human genome browser at UCSC. Genome Res. 2002;12:
996–1006. https://doi.org/10.1101/gr.229102.

47. Guangyu W, Qingshu M, Bo X, Shuo Z, Jie L, Dongyu Z, Yanqiang L, Xin W,
Lili Z, John PC, Qi C, Kaifu C. TADsplimer reveals splits and mergers of
topologically associating domains for epigenetic regulation of transcription.
Github. 2019. https://doi.org/10.5281/zenodo.3553025.

48. Guangyu W, Qingshu M, Bo X, Shuo Z, Jie L, Dongyu Z, Yanqiang L, Xin W,
Lili Z, John PC, Qi C, Kaifu C. TADsplimer reveals splits and mergers of
topologically associating domains for epigenetic regulation of transcription.
zenodo. 2019. https://doi.org/10.5281/zenodo.3553025.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Wang et al. Genome Biology           (2020) 21:84 Page 16 of 16

https://doi.org/10.1073/pnas.1518552112
https://doi.org/10.1073/pnas.1518552112
https://doi.org/10.1016/j.cels.2016.07.002
https://doi.org/10.1016/j.cels.2016.07.002
https://doi.org/10.1016/j.cels.2018.01.001
https://doi.org/10.1038/nmeth.4325
https://doi.org/10.1101/gr.142067.112
https://doi.org/10.1101/gr.142067.112
https://doi.org/10.1038/ng.3385
https://doi.org/10.1101/gr.229102
https://doi.org/10.5281/zenodo.3553025
https://doi.org/10.5281/zenodo.3553025

	Abstract
	Background
	Results
	Develop the TADsplimer algorithm to detect TAD splits and mergers in one sample relative to another sample
	Simulation data demonstrated superior performance of TADsplimer
	TADsplimer successfully detected TAD splits and mergers in Hi-C data from different cell types
	Most TAD splits and mergers are independent of genetic alternations
	TAD splits and mergers are associated with changes in the chromatin epigenetic state
	TAD splits and mergers are associated with changes in RNA expression at one side of the split site

	Discussion
	Conclusions
	Methods
	TAD identification
	Differential signal calculation
	Simulation of Hi-C data
	Processing of Hi-C data
	Visualization of Hi-C data
	Identification of TAD split/mergers
	Assessing the performance of TADsplimer
	Analysis of ChIP-Seq data
	Analysis of RNA-Seq data
	Pathway enrichment analyses
	Statistical analyses

	Supplementary information
	Acknowledgements
	Review history
	Peer review information
	Authors’ contributions
	Authors’ information
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

