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Abstract

The emerging ligation-free three-dimensional (3D) genome mapping technologies can identify multiplex chromatin interactions with
single-molecule precision. These technologies not only offer new insight into high-dimensional chromatin organization and gene
regulation, but also introduce new challenges in data visualization and analysis. To overcome these challenges, we developed MCIBox, a
toolkit for multi-way chromatin interaction (MCI) analysis, including a visualization tool and a platform for identifying micro-domains
with clustered single-molecule chromatin complexes. MCIBox is based on various clustering algorithms integrated with dimensionality
reduction methods that can display multiplex chromatin interactions at single-molecule level, allowing users to explore chromatin
extrusion patterns and super-enhancers regulation modes in transcription, and to identify single-molecule chromatin complexes that
are clustered into micro-domains. Furthermore, MCIBox incorporates a two-dimensional kernel density estimation algorithm to identify
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micro-domains boundaries automatically. These micro-domains were stratified with distinctive signatures of transcription activity
and contained different cell-cycle-associated genes. Taken together, MCIBox represents an invaluable tool for the study of multiple
chromatin interactions and inaugurates a previously unappreciated view of 3D genome structure.

Keywords: multi-way chromatin interactions, single-molecule, micro-domains, visualization, machine learning, chromatin extrusion,
super-enhancers

Introduction
Eukaryotic genomes are organized into a three-dimensional
(3D) multiscale structure within the nucleus, and this structure
is often associated with gene regulation [1]. The proximity
ligation-based 3D genome mapping technologies, such as Hi-
C and ChIA-PET, have enabled global mapping of chromatin
interactions and characterization of nuclear genome organization
in multiple scales, ranging from loops, topologically associated
domains (TADs), to A/B compartments [2–6]. State-of-the-art
visual tools such as Juicebox, HiGlass, HiCPlotter, 3D Genome
Browser, WashU Epigenome Browser, Delta, BASIC Browser and
Nucleome Browser have been developed for users to explore
3D genome organization and long-range chromatin interactions
conveniently [7–14]. Thereinto, BASIC Browser displays RNA
polymerase II (RNAPII)-mediated promoter–enhancer contacts as
complex chromatin interactions [3], i.e. RAIDs (RNAPII-mediated
chromatin interaction domains), which offers the genomics
evidence for the proposed model of ‘transcription factories’ from
RNAPII foci observed via imaging data [15]. These tools have
provided deep insight into the principle of gene regulation.

However, the aforementioned experimental methods and visu-
alization tools can only capture pairwise interactions. Moreover,
these methods present accumulated results from bulk cell pop-
ulations; thus, they cannot precisely locate the interacting loci
with high heterogeneity in single nuclei. Therefore, it remains
unclear whether these multiplex chromatin interactions happen
in individual nuclei or composed by different single-molecule
chromatin complexes from different nuclei and finally showing
as accumulated results. Thus, these methods cannot reveal the
detailed nature of chromatin contacts for answering questions
regarding the modes for TADs in individual nuclei or the com-
posed pattern of super-enhancers associated with key genes for
cell destination.

In order to overcome these limitations, a few ligation-free tech-
nologies have been developed. GAM, by sequencing a collection of
thin cryosectioned nuclear profiles for genome architecture map-
ping [16], revealed three-way contacts among super-enhancers
for specific gene regulation. SPRITE, a split-pool recognition of
chromatin interactions by tag extension [17], showed ‘active hub’
around nuclear speckles enriched with RNAPII activity and ‘inac-
tive hub’ around nucleolus enriched rDNA corresponding to low
transcribed activity. ChIA-Drop, which is the microfluidic-based
and barcode-linked sequencing for chromatin interaction anal-
ysis [18], showed a strong directionality bias towards the gene
body for supporting one-sided extrusion model of transcription.
These methods have enabled users to capture multiple interacting
genomic loci simultaneously.

ChIA-Drop, SPRITE and GAM approaches have demonstrated
the multi-way chromatin interactions (MCI) involved in the 3D
genome architecture and gene regulation and comprehensively
mapped chromatin contacts at a previously unappreciated level
[19]. ChIA-Drop data further provided evidence that the single-
molecule chromatin complexes with high heterogeneity and also
clustered together as microscale domains via certain similarity,
contributing to the chromatin structure such as TADs and RAIDs

as accumulated results [18]. The emerging evidence indicates
that chromatin microscale domains that are organized into TADs
exhibit higher tendency of cell-type-specific 3D genome struc-
ture than low-resolution TADs [20]. These ligation-free meth-
ods including SPRITE and ChIA-Drop can elucidate principles of
genome folding at microscale by clustering their similarity and
can demultiplex the averaged interacting loci precisely into single
nuclei multi-way interactions with single-molecule precision.

When investigating the ligation-free data of ChIA-Drop, GAM
and SPRITE, we found that individual chromatin TADs contained
several micro-domains. In this study, for the microscale domain
constructed into TADs were called microTADs, and that con-
structed into RAIDs associated with transcription factories were
called microTFY, respectively, for further investigation.

So far, these novel exciting findings were identified with com-
putational methods and integrative analysis. However, the visu-
alization tools for real-time detailed profiling of single-molecule
chromatin complexes and the characterization of micro-domains
are currently lacking. Here we report MCIBox, a new toolkit for
profiling multi-way chromatin interactions and visualizing micro-
domains clustered from single-molecule chromatin interaction
complexes. These approaches include the hierarchical clustering
algorithm on data matrix from GAM, SPRITE and ChIA-Drop
datasets, respectively, or various clustering algorithms on scatter
plot matrix created with dimensionality reduction on that data
matrix.

In addition, we added a program in MCIBox for micro-domain
characterization, a two-dimensional kernel density estimation
(2D KDE) contour map-based ‘MCI-2kde’. By focusing on an
RNAPII-associated ChIA-Drop dataset of Drosophila S2 cells [18],
we applied MCI-2kde program to automatically determine the
boundary of micro-domains, which are micro-transcription facto-
ries (microTFY) mediated by RNAPII transcription factors (TF). We
identified 578 microTFY from the 126 of 476 RAIDs at length scales
above 150 kb that determined by previously pairwise RNAPII
ChIA-PET data [18]. These microTFY were stratified from various
patterns with distinctive signatures of transcription activity and
histone modification. Interestingly, different microTFY in a RAID
contained specific genes in the different phases of a cell cycle,
indicating that the application of MCIBox allows us to distinguish
single-molecule chromatin interactions with cell-cycle specificity
even among a same cell line.

Taken together, MCIBox not only can real-time explore the
chromatin topological structure and higher-order chromatin orga-
nization in multi-way chromatin interactions data, such as the
chromatin extrusion patterns in gene transcription and chro-
matin organization, but also can characterize the similarity of
these single-molecule chromatin complexes by clustering them
into microscale domains.

Methods
MCIBox includes MCI-view and MCI-2kde
MCIBox toolset realizes two main functions, the function for
single-molecule or single-cell data clustering visualization is
realized in MCI-view module and the function to define the
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boundaries of micro-domains such as microTFY is done by MCI-
2kde module. MCIBox is programmed in the framework of R Shiny
Server (https://shiny.rstudio.com), which is convenience to build
an interactive web application directly from R script. Without
special description, R packages used in this work are from CRAN
package repository (https://cran.r-project.org), where we can find
source codes and description documents.

Data preparation for MCI-view
Currently, MCI-view main data are sourced from ‘ligation-free’
new generation 3D genome techniques: ChIA-Drop, SPRITE and
GAM (Figure 1A and B), which capable to capture multiplex inter-
active fragments from a shared chromatin complex (Figure 1C).
Because the data format of these techniques out of their pipelines
are different, we programmed interface tools to transform these
data into a uniform RGN format that MCI-view required. A RGN
file actually is a fragment list, in which each data line containing
a fragment with four basic columns (chromosome, start, end and
barcode) representing fragment genomic region coordinates and
with a complex identity (complex barcode ID). Interface tools
transform each source data into a set of RGN files composed by
one chromosome per file for easier accessibility. All RGN files used
for MCI-view are stored in RDS format, a binary format of R objects
with a quick data loading speed and smaller storage space. For
user convenience, we have preprocessed several datasets for MCI-
view, such as: ChIA-Drop (dm3), RNAPII ChIA-Drop (dm3), SPRITE
(hg19) and GAM (mm9), etc. Users can visualize them by simply
click the ‘FIN’ button on the top-left of MCI-view web-app to select
the interested data from the list, and subsequently the selected
data will be loaded automatically.

MCI-view workflow and visualization tracks
MCI-view is the visualization module of MCIBox toolkit and briefly
includes three layers: calculation layer, basic-view layer and
extensive-view layer (Supplementary Figure S1). The calculation
layer executes the main algorithms computation functions,
besides clustering algorithms and dimensionality reduction
algorithms. The basic-view layer contains the visualization plots
that arise directly out of the calculation layer, such as Fragment-
view. The extensive-view layer performs some filtering operations
upon the illustrated data, for example ‘Target loci’ for DNA-FISH
Probe-based loci filtering.

MCI-view for data visualization includes four main steps: (i)
Data Input Step: At the very beginning, MCI-view adopts data
of an interested genomic region from the according chromosome
RGN file of the source library selected. (ii) Data Format Step: Then
the input data is integrated as barcoded linked-reads and binned
to matrix, formed as rows are barcodes representing complexes,
columns are (original or binned) genomic region (Figure 1D and
E). There are also three types of displays that based on data
accumulation of bin–bin or bins, could be generated in this step:
2D heatmap, 2D loop or 1D coverage (Supplementary Figure S1A–
C). (iii) Data Clustering Step: MCI-view performs clustering func-
tion in either of the two strategies. The first strategy is cluster-
ing high-dimensional (HD) data, which directly runs hierarchical
clustering upon the rows of the HD matrix constructed from the
former step (Figure 1F). HD Cluster-view and HD Fragment-view
are for viewing clustered HD data (Supplementary Figure S1D and
E). The second strategy is clustering low-dimensional data (LD,
Figure 1G) that runs clustering after dimensionality reduction by
assembling seven dimensionality reduction algorithms and seven
clustering algorithms comprehensively. In the second strategy,
MCI-view supplies selection of the combination of two types

of algorithms e.g. Uniform Manifold Approximation and Projec-
tion (UMAP) plus Hk-means, following the principle of obtaining
proper separated groups with unique colors denoted by clusters
in the LD-clustering scatter plot (Supplementary Figure S1F). LD-
clustering scatter plot, LD Cluster-view and LD Fragment-view are
tracks for clustering LD data visualization (Supplementary Figure
S1F–H). (iv) Data Filtering Step: MCI-view supplies functions for
users to select data by genomic locations, such as: ‘Target loci’
for DNA-FISH Probe-based loci filtering, ‘Chromatin organiza-
tion pattern’ for CTCF Motif-based loci filtering, ‘Transcription
pattern’ for Promoter-based loci filtering and ‘Transcription reg-
ulation pattern’ for Super-enhancers loci filtering etc. (Supple-
mentary Figure S1I–K). Users can also filter data by selecting out
un-interested clusters to achieve a clean ‘Mask-based’ data view
(Supplementary Figure S1L).

We prepared a user manual with demo videos in the MCIBox
GitHub repository (https://github.com/ZhengmzLab/MCIBox) for
guiding the installation and utilization of MCI-view.

MCI-view clustering strategy
The MCI-view clustering strategy includes two ways: the 1st way is
the HD-clustering module, the 2nd way is the LD-clustering mod-
ule. HD-clustering module employs Hierarchical clustering algo-
rithm directly upon genomic data matrix of a higher dimension,
by default, a given genomic region is divided into 40 bins allow for
a faster-speed in clustering. LD-clustering module employs a two-
step strategy to reorganize complexes arrangement, it performs
a dimensionality reduction algorithm on a data matrix with 40
bins (i.e. with 40 features or dimensions), projects it into 2D data
(i.e. LD data) and immediately executes a clustering algorithm. In
LD-clustering module, we totally integrated seven dimensionality
reduction algorithms and seven clustering algorithms, and users
can freely select suitable algorithms combination for a specific
data. When using MCI-view, commonly LD-clustering procedures
can get better clustering effect than that of HD-clustering, with
a compromise of being more time-consuming (3- to 5-folds). We
integrate silhouette score in MCI-view for evaluating the quality
of clustering, which allows users to select a suitable clustering by
the silhouette score ratings [21].

MCI-view implemented clustering algorithms
Clustering algorithms are unsupervised machine learning algo-
rithms that aim to classify a set of unlabeled data into several
groups, referred to as ‘clusters’ [22]. Data points show more simi-
larity to each other within a same cluster and more dissimilarity
between different clusters. One aim of the development of MCI-
view is to code a software to visualize different groupings of
multi-way contacts data, such as ChIA-Drop, SPRITE, GAM and
other single-cell omics data. Here, we integrated different kinds
of clustering algorithms capable of cluster different types of data.
These clustering algorithms were described below in briefly (The
details and default parameters used in MCIBox were described in
Supplementary Data).

• Hierarchical clustering [23] belongs to connectivity-based
models, which is based on distance connectivity.

• K-means clustering [24] belongs to centroid-based models,
which defines each cluster with a single mean vector.

• Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) algorithm [25] belongs to density-based models,
which models clusters from a connected dense region.

• Gaussian Mixture Models (GMM) clustering algorithm [26]
belongs to distribution-based models, which defines clusters
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Figure 1. Overview of MCIBox for multi-way chromatin interactions analysis. (A–C) Schematic for generating multi-way chromatin interactions datasets
with different ligation-free based methods including ChIA-Drop, SPRITE and GAM. (A) for chromatin complexes preparation, (B) for different methods
and (C) for sequencing reads that were grouped by barcodes. (D) A multiplex chromatin interaction complex is defined as the fragments with the
same barcodes. (E) The chromatin complexes from the genomic region of interest were used as the input into MCIBox for matrix construction. Binned
genomic regions are as columns along x-axis and binned fragments from the complexes are arranged as rows along y-axis. (F) Subsequently, these
binned fragments were arranged by similarity via hierarchical clustering upon HD data, which are ready for Cluster-view (a visualization function in
MCIBox). (G) Using dimensionality reduction algorithms (UMAP by default), the matrix was converted to 2D scatter plot, among them the tethered
closely dots were clustered together by default algorithms of hierarchical k-means (Hk-means) for Fragment-view (a visualization function in MCIBox).
(H) A screenshot showing micro-domain from multi-way contacts with MCI-view, along with 2D heatmap of Hi-C with Juicebox, and pairwise interaction
loops and coverage from ChIA-PET with BASIC Browser. The blue bar indicates RAID, and the green bar indicates micro-domain (microTAD or microTFY).
(I–K) Screenshots showing ‘Transcription pattern’, ‘Chromatin organization pattern’ and ‘Target loci’ for multi-way contacts with MCI-view, respectively.
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using statistical distributions. GMM is a probabilistic model
that used for denoting normally distributed subpopulations
within an overall population.

• Fuzzy clustering [27], also known as soft clustering, is a form
of clustering in which each data point can belong to more
than one cluster, which was implemented to study the data
points that lie equally distant from each other.

• The other three types of hybrid clustering algorithms that
MCI-view used, may take advantages from both combined
parts. Such as Hierarchical Clustering on Principal Com-
ponents (HCPC) [28], Hierarchical k-means clustering (Hk-
means) [29] and Hierarchical DBSCAN (HDBSCAN) [30]. They
use the complement between the hierarchical clustering and
another clustering algorithm to better highlight the main
features of the data set.

MCI-view implemented algorithms of
dimensionality reduction
MCI-view can perform clustering calculations directly upon data
matrix with high dimensions (HD-clustering) or after a dimen-
sionality reduction pre-step (LD-clustering). Via HD-clustering,
users can get clustering results rapidly, but often compromised
with overfitted and poor performance, commonly known as the
curse of dimensionality refers to the situation when the data has
too many features. Dimensionality reduction techniques convert
the higher dimensions dataset into lesser dimensions dataset
with minimal loss of information. Dimensionality reduction is
widely used in the fields for dealing with high-dimensional data,
such as data visualization, speech recognition, signal processing,
noise reduction, cluster analysis [31].

In total, MCI-view assembled seven dimensionality reduction
algorithms before carrying out clustering algorithms for better
groupings and provided an interactive interface allowing users to
select suitable algorithms. Dimensionality reduction algorithms
mainly includes linear methods and nonlinear methods [32]. They
use different strategies to project the original data onto an low-
dimensional space, linearly or nonlinearly. The linear methods
including linear Principal Component Analysis (PCA) [33] and
Independent Component Analysis (ICA) [34] are preferred for
gaussian distributed samples and non-gaussian data respectively.
The nonlinear dimensionality reduction algorithms in MCI-view
are described below:

• Multi-Dimension Scaling algorithm (MDS) [35] is a distance-
preserving manifold learning method.

• t-Distributed Stochastic Neighbor Embedding (TSNE) algo-
rithm [36] and UMAP algorithm [37] are two prevailing dimen-
sionality reduction algorithms. TSNE considers the similarity
between the local gaussian distributions of high-dimensional
data and t-distribution of low-dimensional space, whereas
UMAP constructs a graph representing the high-dimensional
data then optimizes to an low-dimensional structurally sim-
ilar graph. TSNE is often better at preserving the local struc-
ture, whereas UMAP is more to the global structure.

• AutoEncoder algorithm (AE) [38] is a traditional dimensional-
ity reduction algorithm, which is an artificial neural model
that involves encoder and decoder model of unsupervised
learning.

• Potential of Heat-diffusion for Affinity-based Trajectory
Embedding (PHATE) [39] is a state-of-the-art dimensionality
reduction algorithm specially designed for single-cell RNA-
seq, which calculates local affinities between cells first, and
then the affinities are used to define transitional probabilities

and spread them by a Markovian diffusion framework over
the data.

Evaluation of the quality of clusters created
using clustering algorithms and dimensionality
reduction algorithms
Silhouette analysis is used to evaluate the appropriateness of the
partitioning of a datapoint to one cluster rather than to other
clusters. Silhouette score [21] is used to measure both intracluster
compactness and intercluster separation. A silhouette score is in a
range [-1, 1], of which a higher value represents a better clustering
result.

MCI-view not only integrates a number of algorithms com-
binations of dimensionality reduction and clustering in its LD-
clustering module, but also introduces a function of calculat-
ing the mean of silhouette score for all datapoints within a
genomic region, which enable users to select algorithms with
well-separated clusters by higher silhouette score. Generally, a
higher silhouette score (>0.50) can be seen as a signal of having
achieved a reasonable clustering result [22]. Users can also adjust
parameters of algorithms in MCI-view according to the charac-
teristics and types of their specific data to obtain better grouping
results.

In this study, MCI-view uses UMAP-Hk-means combinatory
algorithms as the default method for LD-clustering, since they got
the highest silhouette score among the combinations of dimen-
sionality reduction algorithms and clustering algorithms upon
datasets within the RAIDs genomic regions for achieving well
groupings of microTFY.

MCI-2kde defines microTFY boundary
The histogram is one of the most popular types of plots to show
data distribution, which is based on probability density functions
(PDF). Univariate KDE approach can generate an empirical esti-
mate of the true PDF, without distribution forms assumption and
any parameters [40]. Bivariate KDE, also known as 2D KDE [40],
determines information about the joint occurrence of two related
variables, which denote genomic bins (x-axis) and complexes (y-
axis) as the two dimensions in this work.

To automatically obtain the boundaries from micro-domains
of each RAID in a Fragment-view, our initial idea was to draw a
contour map according to its data distribution for each micro-
domain and then select a suitable level contour line to limit
the boundary. The module of MCI-2kde includes: (i) to construct
contour density map for a sub-cluster (micro-domain), MCI-view
only takes fragments as data points of a scatter plot despite lines.
For each data point, the fragment genomic locus (coordinate of
the fragment start position) and the clustered y-axis position
of the complex it belongs to, are considered as two indices (x
and y). (ii) MCI-view then performs 2D KDE over these points
within a sub-cluster and returns a result of a matrix of density
estimation approximation, consequently the matrix displays the
results as contour maps. (iii) Finally, a contour line that encircles
the majority of data points of a micro-domain is selected for the
microTFY boundary definition.

In this work, MCI-view employs geom_density_2d program
(ggplot2 package of R) to call kde2d function perform the 2D KDE
over a micro-domain fragments and outputs as a contour density
map, which generates 10 levels of contours by default. Next, the
innermost contour line that enclose at least 60% data points
was selected. Finally, the region between the leftmost points
to rightmost points of the selected contour line is squared to
represent the micro-domain boundary.
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Assessment of microTFY boundary defined by
MCI-2kde using LabelMe software
LabelMe is an image annotation tool that allows researchers to
label images by hand and obtain the annotation information [41].
In this work we drew a square for each micro-domain as its ground
truth boundary and marked in a JSON file. For evaluating the
potential artificial factors, we executed LabelMe by six different
people via a blind approach and obtained microTFY boundaries
for further assessment. After that, we wrote a custom script to
convert ground truth boundaries information from JSON file to
genomic coordinates. Then we compared the boundaries defined
by MCI-2kde by calculation intersection over the ground truth by
LabelMe for the validation of MCI-2kde boundary definition.

Clustering of the matrix crossing microTFY and
TFs
In order to study functions of microTFY, we downloaded FASTQ
files of 35 TFs ChIP-seq data of fruit fly from public datasets
(Supplementary Table S1). The sequences are mapped to the dm3
reference genome using BWA-ALN and BWA-SAMSE [42], then
unique alignments (mapping quality ≥ 30) and nonredundant
reads retained to hit the genomic regions of the 578 microTFY.
Subsequently, RPKM values of individual TFs were projected on
each microTFY for a data matrix construction. Next, we per-
formed HCPC clustering [28] on both directions of the data matrix
and achieved six microTFY clusters and six TFs clusters, which
was shown as a heatmap.

For further dissecting microTFY clusters features, we down-
loaded ChIP-seq data of the four histone marks (H3K27ac,
H3K27me3, H3K4me1, H3K4me3) and RNAPII, as well as RNA-
seq data of fruit fly from public datasets (Supplementary Table
S1). Those libraries were processed as same as described above,
despite of RNA-seq data using STAR [43] as the mapping tool. Next,
we hit these signals to the clustered microTFY, and consequently
got RPKM values to construct cluster-wised boxplots (the extreme
sparse microTFY Cluster-1 was discarded).

Results
Overview of MCIBox
There are two main functions in MCIBox: a browser ‘MCI-view’
for multiple chromatin interaction data visualization and a
framework for micro-domain boundary quantification using
‘MCI-2kde’ program. MCI-view is developed for the general and
comprehensive visualization of multi-way chromatin interactions
complexes from the emerging ligation-free based approaches
including ChIA-Drop, SPRITE and GAM (Figure 1). MCI-view can
be applied to view new aspects of 3D genome topology and
microscale chromatin structure, such as the chromatin fiber
organization activity during transcription and regulation, the
single-molecule chromatin complexes clustered micro-domains
in TADs (called microTADs) or the microTFY. MCI-2kde is a 2D
KDE algorithm-based unsupervised machine learning method for
micro-domain definition automatically.

MCI-view displays contact maps for
single-molecule multi-way chromatin complexes
MCI-view is a key component of MCIBox and provides a
visualization system for multi-way chromatin interactions. Users
can visualize their own experimental data by creating a formatted
document that contains information about complexes in each
line from the results of multiple chromatin contacts generated

by multi-way contacts detected approaches (Figure 1A–D and
Supplementary Figure S1; Methods). MCI-view reads the data of
the genomic region of interest from the formatted input file for
matrix reconstruction (Figure 1E), then integrates Hierarchical
clustering strategies to cluster the HD matrix data directly or
performs dimensionality reduction methods to reduce the matrix
data into LD data for further clustering when the single-molecule
complexes data feature is too complicated. This approach
was specifically developed for integrative genomics viewer for
handling multi-way contact data (Figure 1F and G). MCI-view
also can browse accumulated density results for 1D track similar
to the coverage of ChIP-seq data and can browse 2D profiles
such as loop or domain annotations, side by side simultaneously
for conveniently compare to pairwise contacts (Figure 1H and
Supplementary Figure S1A–C).

For single-molecule chromatin interactions, the interface of
MCI-view supplies a function to display the data by specifying
the interested single or multiple genomic coordinates, or the
interested gene name and an additional function to filter out the
uninterested data. Currently, MCI-view includes six modules for
displaying multi-way contact results (Supplementary Figure S1):
(i) Cluster-view performs binning of clustering tracks for browsing
the clustered microscale domains of multiplex chromatin interac-
tion complexes (Supplementary Figure S1D and G). (ii) Fragment-
view directly visualizes the original (unbinned) fragments for
the multi-way contacts representation (Supplementary Figure
S1E and H). (iii) Target loci view presents the specific region
similarly to DNA-FISH probe associated genomic loci, selected by
clicking on the interested regions (Figure 1K and Supplementary
Figure S1I). (iv) Chromatin organization pattern view is used
for observing the multiple chromatin interactions at TF binding
motifs such as CTCF motifs (Figure 1J and Supplementary Figure
S1J). (v) Transcription pattern view is used for discovering the
multiple chromatin interactions profiling during the process
of gene transcription in order to explore the extrusion process
(Figure 1I and Supplementary Figure S1K). (vi) Transcription
regulation pattern view can be applied for observation of the
multi-way chromatin interactions at super-enhancers region
[16], thereby allowing users to identify the composition of super-
enhancers for gene regulation.

MCI-view uncovers super-enhancers interacting
in multi-way contacts
To explore the contact detail of super-enhancers with the working
model as a whole unit or by different composed enhancers to reg-
ulate gene promoter in individual nuclei (Figure 2A), we used MCI-
view to display the interacting profiling of super-enhancers from
mouse ESC GAM data in Figure 2B (same genomic region in ‘Fig. 5a’
of the GAM paper [16]). The 2D heatmap shows the pairwise con-
tacts from GAM results with square highlight of enhancer contact
regions. Cluster-view shows the different composed enhancers in
the multiple chromatin complexes, along with the composition
of micro-topologically associated domains (microTADs) that are
accumulated into the TAD (Figure 2B). In addition, Fragment-view
displays detailed original fragments clustering profiling for the
super-enhancers located in microTADs (Figure 2C). This partic-
ular genomic region with three enhancers showed that 53.7%
of multiplex chromatin complexes involve one enhancer, 37%
involve two enhancers and 9.3% of them involve three enhancers.
Thus, the composition of enhancers can be variable in the super-
enhancer region for gene-specific regulation in individual cells
(Figure 2D).
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Figure 2. MCI-view displays super-enhancers working model. (A) Diagram of the potential working model for Super-enhancers (SEs) on gene regulation,
‘whole unit’ working model presents all the enhancers in a super-enhancer region are tethered together to regulate target genes in different cells,
‘different composition’ working model indicates different composed of enhancers co-regulate in different cells, ‘singular’ working model shows only
one enhancer regulates target genes in different cells. (B) MCI-view displays the pairwise contacts of the genomic region (chr3:85000000-105000000) from
mouse GAM data, from which we could find the selected enhancer points annotated with square shown in the heatmap (‘Fig. 5a’ from the GAM paper
[16]). Besides this, the Cluster-view function in MCI-view shows that there are several micro-domains, which indicates different chromatin interaction
clustering within this genomic region. Inset scatter plot presents the clustering result. (C) ‘Transcription regulation pattern’ in MCI-view to display the
contact profiling of these super-enhancer regions. Number of ‘7, 13, 24 and 37’ presents the Bin ID in this region and corresponding to ‘SE1, Low1, SE2
and SE3’ in the GAM paper [16]. SE1, SE2 and SE3 present super-enhancer 1, 2 and 3 loci. Low1 presents a control region not involved in the contacts
among these super-enhancers. SE1-Low1 presents the interaction between super-enhancer SE1 and Low1 region, the number inside brackets shows the
detected multi-way contacts, so and forth. (D) Histogram shows the percentage of chromatin complexes for composed enhancers among SE1, SE2 and
SE3.

MCI-view directly visualizes asymmetric
loop-extrusion process
Chromosomes are organized as chromatin loops to promote the
interactions between enhancer–promoter, allowing for the long-
range regulation of gene expression. Loops were hypothesized
to form by ‘loop extrusion’ and visualized by real-time imaging
in vitro [44]. Our RNAPII ChIA-drop method captured multiplex
interactions on Drosophila S2 cell line data presenting the asym-
metric chromatin extrusion during gene transcription genome
wide. Here we applied human GM12878 SPRITE data to explore
and display the loop extrusion associated with CTCF, which has

not been analyzed in SPRITE paper since no published tools for
visualization at that time.

The previously published SPRITE dataset [17] was converted to
the formatted document for MCI-view visualization. As shown in
Supplementary Figure S2A, the accumulated 2D heatmap shows
pairwise contacts at the selected genomic region, whereas the 1D
coverage shows variable density at this region corresponding to
the higher-order structure of a domain on 2D heatmap. The key is
that the Cluster-view module of MCI-view unfolds the layers for
the detailed composition of multiple chromatin complexes in this
region that were clustered into nine micro-domains.
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Fragment-view directly displays the original fragments infor-
mation of these clustered chromatin complexes. Due to the MCI-
view function for selecting the anchor of interests, we can clearly
visualize the multi-way contacts by Cluster-view. In the case of
this targeted region, the view agrees well with the previously
published results (in ‘Figure S2D’ of the SPRITE paper [17]) and
can further observe the original contact loci of the chromatin
complexes by Fragment-view in MCI-view.

Moreover, we can observe the chromatin extrusion pattern
from the multi-way contacts-associated CTCF binding motifs via
the module of ‘chromatin organization pattern view’ in MCI-view
(Supplementary Figure S2B–D and Figure 3). Within this genomic
region (Figure 3A–D), there are 913 chromatin complexes that
contained at least one CTCF motifs at left or right sides, and there
are 466 of them that covered the left-side CTCF motifs, 364 of
them that covered the right-side CTCF motif, only 83 (9%) of them
covered both sides. These results indicate that CTCF-associated
chromatin complexes exhibit one-sided DNA loop extrusion pro-
filing, where CTCF complexes stop and tether at DNA loci with
CTCF binding motifs, then reel the other side of DNA to close
gradually and stop until meet another CTCF binding site with
‘convergent CTCF motifs’, these complexes are not cross over the
motifs. Generally, the CTCF motifs at the boundary of CCDs (CTCF-
mediated chromatin domains) are in a convergent orientation [6].
We quantified the single-molecule chromatin complexes within
a CCD that overlapped with the convergent CTCF sites on the
boundary for these previously defined 2266 of CCDs and found
that the percentage of multi-way contacts covered one of the
motifs is >90% (Figure 3D, inset boxplot).

Our observation of loop extraction activity in MCI-view is con-
sistent with the findings of real-time imaging of asymmetric DNA
loop extrusion that condensin anchors onto DNA and reels it in
from only one side [44], and the findings of live-cell imaging of
loops covered both sides are rare [45]. Additionally, RNAPII ChIA-
Drop results provide a promoter-centred extrusion model during
gene transcription (Supplementary Figure S2E) [18]. We note that
the putative higher-order structure domain of 2D heatmap from
Hi-C data supports the notion that chromatin loops extrude asym-
metrically. Otherwise, if they extrude symmetrically, they would
exhibit a secondary diagonal overlaid on the main diagonal as a
‘+’ shaped pattern (Figure 3E).

MCI-view displays micro-domains with clustered
single-molecule chromatin complexes
The proposed model of ‘transcription factories’ that RNA poly-
merases are immobilized and concentrated within discrete foci in
nuclei for multiple genes transcription and regulation [15]. Data
from imaging to genomics offer the evidence for RNAPII foci and
RNAPII-mediated promoter–enhancer clusters, i.e. ‘transcription
factories’, participate in regulation of gene expression (Figure 4A)
[3, 46, 47]. However, the corresponding genomic coordinates of
individual RNAPII foci has yet to be studied, and RNAPII clusters
were accumulated from bulk cells, which cannot reveal the pre-
cise composition of transcription factories.

The advanced ligation-free chromosome conformation capture
methods RNAPII ChIA-Drop could decompose the transcription
factories into single-molecule precision. Applying MCI-view to dis-
play the single-molecule chromatin complexes from RNAPII ChIA-
Drop data with a dimensionality reduction algorithm followed
by a clustering algorithm, when combine UMAP and Hk-means
algorithm we can obtain high silhouette score for high-quality
clustering, based on that we found that the RNAPII-mediated

chromatin interaction domains (RAIDs) can be organized by sev-
eral different micro-domains, named microTFY (Figures 1G and
H, 4B and C and Supplementary Figure S3A–C). This observation
indicates that the micro-domains organized by a certain similarity
from single-molecule chromatin contacts could potentially offer
a new pathway for elucidating gene regulation (Supplementary
Figure S3C).

MCI-2kde automatically determines microTFY
boundaries via density estimation
To automatically quantify the boundary of microTFY, we con-
structed contour density map on the microTFY clusters from MCI-
view by performing a 2D KDE algorithm [40]. Within one microTFY,
if the points are of the same range of density distribution prob-
ability, they will be enclosed by the same closed curve (contour
line). Based on the density contour map of each microTFY, we
determined the boundary of a microTFY by selecting the contour
line with concentrated coverage of the fragments of chromatin
complexes in Fragment-view (Figure 4D and E; Methods).

Using this method, we identified 578 microTFY using RNAPII
ChIA-Drop data through fixed genomic regions from the pre-
viously defined 126 RAIDs with accumulated RNAPII ChIA-PET
data. For validation of the microTFY boundary identification, we
then enter the image of microTFY from MCI-view to LabelMe,
a database and web-based tool for image annotation [41], for
recognizing the objects of microTFY and labeling it along the
boundary of microTFY (Figure 4F). Based on LabelMe, we can
obtain the ground truth boundary of microTFY by manually
importing images one by one.

When we compared the boundaries of microTFY between the
identification of density contour map via MCI-2kde program and
that of LabelMe upon the image of microTFY from MCI-view
directly, we found the intersection over the ground truth from
LabelMe executed by different people is about 90% when contour
line setting with 60% coverage of the chromatin complexes. These
indicate the approaches allow us to determine the microTFY
(Figure 4G and Supplementary Figure S4).

In summary, we developed a framework for helping scientists
to automatically define the boundary of microTFY. This frame-
work was integrated in MCIBox and can be easily extended to
the detection of other types of micro-domains generated from
3D genome mapping technologies for exploring new aspects of
higher-order chromatin structure.

Characterization of micro-domains from
single-molecule chromatin complexes
The genomic feature of microTFY shown in the density plot with
a peak of concentrated gene number at 6 in individual microTFY,
with genomic size at a peak of 30-kb length (Figure 5A). The
previously defined RAIDs by pairwise data were composed with
microTFY by single-molecule chromatin complexes. We found
that the genes from different phases of a cell cycle are distributed
at different microTFY within a RAID, for example, the subG1
phase-associated CG17209 is located in the microTFY on the left
side and the G1 phase-related Myb is located in another microTFY
on the right side (Figure 5B) [48]. Additionally, the overG2 phase
associated scra, sax and G1 phase-associated tor are all located in
individual microTFY that within in a RAID (Figure 5C) [48]. Overall,
the phase-specific genes of a cell cycle could be identified in
different microTFY via single-molecule chromatin contacts while
before being regarded as in a same RAID by pairwise chromatin
interactions (Figure 5D).
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Figure 3. MCI-view displays chromatin loops extrusion. (A–B) BASIC Browser displays the pairwise contact loops of the genomic region (chr3:185500000-
190800000) from CTCF ChIA-PET data on human GM12878 cells, along with 2D heatmap from CTCF ChIA-PET data (green) and Hi-C data (red). (C) BASIC
Browser displays the pairwise contact loops and binding peaks of the zoomed-in genomic region (chr3:187442000-188693000) from CTCF ChIA-PET
data on human GM12878 cells. Arrow with red color indicates CTCF binding motifs. (D) MCI-view displays the single-molecule chromatin complexes
of the genomic region (chr3:187442000-188693000) from SPRITE data on human GM12878 cells [17]. MCI-view displays SPRITE multiplex chromatin
complexes covered the left anchor contained CTCF motifs with cyan color, multiplex chromatin complexes were shown as Fragment-view aligned
by complexes span length in the local region, followed by that of right anchor and both anchors. Line with arrows present chromatin loops reeling
direction, line with solid circle indicates chromatin loops stop reeling that means no complexes cross over the boundary of a CCD or TAD, corresponding
to CTCF binding motifs with convergent orientation generally, the number (n) of chromatin complexes overlapped with CTCF motifs is shown, which
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To infer genome wide the characteristics of microTFY, we used
35 TF and histone marker ChIP-seq datasets in Drosophila S2 cells
from the modENCODE project (Supplementary Table S1). Then,
we investigated the association between these protein factors and
the 578 microTFY by HCPC clustering (Figure 5E; Methods). These
35 TFs are functionally clustered into different types (TF cluster in
x-axis; Figure 5E), such as: (TF-iii) Dosage compensation-related
factors including Msl1, Msl3 and Mle. (TF-iv) Transcription-
associated factors including Rpb1, Ash1, Dsx, Smt3, Fs(1)h and
Lpt. (TF-v) Chromosome organization-related factors including
Rrp40, Ago2, Psc, Trr, Ms(3)K81 and CTCF. (TF-vi) Chromosome
organization regulation-associated factors including CP190, Ice1
and Yki, etc. We found these six clusters of microTFY are involved
in different types of transcription factors (microTFY cluster in y-
axis; Figure 5E). For instance, Cluster-3 and Cluster-4 consisted of
47 and 100 microTFY that were bound by most of the 35 TFs with
different density, respectively; Cluster-5 included 223 microTFY
mostly bound by factors with transcription-associated functions
and dosage compensation-related functions and Cluster-6 with
197 microTFY showed mostly week binding by most of the factors.

To further characterize the epigenomic feature and transcrip-
tional activity of the microTFY clusters from RNAPII ChIA-Drop
data (Figure 5E), we aligned them with histone ChIP-seq and RNA-
seq data. Overall, we observed that the genes and transcription
activity had high variability in these microTFY clusters (Figure 5F).
As expected, the Cluster-6 microTFY exhibited low signals of
H3K27ac (active histone marker), H3K4me1 (enhancer marker),
H3K4me3 (promoter marker), RNAPII (transcription marker)
and RNA-seq, as well as high signal of inactive histone marker
H3K27me3. By contrast, Cluster-2 and Cluster-3 microTFY showed
strong signals of H3K27ac, H3K4me1, H3K4me3, RNAPII and RNA-
seq. This observation suggests that each cluster of microTFY is
involved in different types of transcription activity and histone
modification.

Taken together, these results demonstrate the distinct ability
and advantages of MCIBox to conveniently and effectively browse
3D genome features for the single-molecule chromatin com-
plexes and identify the boundaries of microTFY automatically.
The boundary determination of microTFY allows characteriza-
tion of cell-cycle-specific or cell-type-specific gene regulation by
multiplex chromatin interactions with single-molecule precision.
MCIBox is an invaluable tool in making biological discoveries from
many aspects for multi-way contacts data.

Discussion
In this work, we developed MCIBox for visualizing multi-way
chromatin interactions and automatically identifying micro-
domain boundaries. MCIBox allows for comprehensive browsing
of the single-molecule multi-way chromatin interaction data
generated by the cutting-edge ligation-free 3D genome mapping
technologies, such as SPRITE and ChIA-Drop. MCIBox includes an
efficient MCI-view module for displaying 3D genome features and
chromatin structures. MCI-view can unveil microscale structure
in 3D visual panel of Cluster-view and Fragment-view and can

also facilitate exploration of the extrusion model of chromatin
organization by CTCF motif-based for chromatin organization
pattern view and promoter-based for transcription pattern view.
Additionally, we developed frameworks MCI-2kde in MCIBox
for automatically definition of the boundary of micro-domains,
revealing genomic and epigenomic features of microTFY in strong
association with gene regulation.

MCI-view allows for the application of a selected clustering
method (Hierarchical clustering, Hk-means etc.) with, or without
a dimensionality reduction algorithm (UMAP, TSNE etc.) in the
preceding clustering, in order to display the interactive data of
multi-fragment from the ligation-free based new generation 3D
genome techniques (ChIA-Drop, SPRITE or GAM) in forms of multi-
type of tracks (Cluster-view, Fragment-view, etc.) for regions of
interest in a genome browser. In this study, we introduce silhou-
ette score to evaluate the quality of clusters. Users can select a
suitable algorithm for their data clustering by score rating. For
each parameter used in the clustering algorithms, MCIBox starts
from its default value defined in the function implementing the
corresponding algorithm, but the user can also adjust them freely
for better clustering results.

Currently, there exist more than 20 approaches for the bound-
ary definition for chromatin structures such as TADs, yet most
of them are based on profiles calculated from 2D heatmaps or
epigenomic information, such as linear scores, statistical models
of the interaction distributions, clustering and network features
[49]. The TAD boundaries that called by statistics often show some
shifts as compared that of observation by browser directly.

To overcome these challenges, we adopted the strategy of
geometric topographic map in the MCI-2kde module, where we
drew a density contour map by 2D KDE in individual sub-cluster
from Fragment-view and successively derived the boundary of
a microTFY through contour line selection. From this density
contour map, we obtained 578 microTFY automatically.

As comparison of intersection region of microTFY among the
boundary identified approaches LabelMe and MCI-2kde, we found
the percentage of intersection over the ground truth is about 90%
when the contour line covered chromatin complexes occupied
60%. Thus, the users could according to their requirement to
adopt the method for boundary determination. For MCI-2kde
module, the default cutoff of contour line is 60% to obtain the
corresponded area covered chromatin complexes, we can increase
the cutoff value by compromised for covered more chromatin
complexes while with sparse distribution.

Finally, MCIBox can potentially be extended to analyze single-
cell assays for higher-order chromatin structures in the future by
input data of multi-way contacts in single cells such as scSPRITE
data. MCIBox, in its current form, is a convenient tool kit for
single-molecule chromatin complexes analysis, which not only
systemically offers a visual interface for exploring the pattern of
chromatin organization, transcription and regulation in single-
molecule level, but also provides a platform for characterizing
the micro-domains detected automatically from the clustered
multi-way chromatin contacts. MCIBox is capable of potentially
extending to distinguish the chromatin organization activity of

can be directly observed in MCI-view browser. The inset boxplot presents globally quantify these architectural stripes in 2266 of CCDs, y-axis shows
the percentage of chromatin complexes occupied the boundary of CCDs, x-axis shows the boundary of CCD including left-, right- and both sides. The
boxplot with lines as medians and whiskers at ±1.5 interquartile range; Two-sided Wilcoxon test, * P-value was 2.2x10−16. (E) Diagram of asymmetric
and symmetric chromatin loops extrusion is shown. Arch diagram showing positions of one-sided or two-sided CTCF complexes translocating along
chromatin DNA (gray) and progressively growing loops at different times indicated by color from blue (close) to transparent blue (far). The drawing
2D contacts corresponding the asymmetric and symmetric loops extrusion is shown under the arch diagram. Chromatin loops translocating along
chromatin DNA from left to right (Top), right to left (Middle), merge of both (Bottom), are shown.
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Figure 4. Definition of microTFY boundary by MCI-2kde. (A) RNAPII immunostaining results show different sizes of RNAPII foci, supporting the concept
of transcription factories. (B) BASIC Browser displays pairwise contacts of RNAPII ChIA-PET data and MCI-view displays multi-way contacts of RNAPII
ChIA-Drop. RNAPII ChIA-PET data show interaction loops and RNAPII coverage density, ChIP-seq data of H3K27ac and H3K27me3 shows the active and
inactive regions, the blue bar presents transcription factories that were defined from RNAPII ChIA-PET data. Each transcription factory is composed by
several microTFY (green bar) detected from RNAPII ChIA-Drop results. (C) Silhouette score for the combination of dimensionality reduction algorithm
and clustering algorithm. Red arrow shows the high silhouette score for UMAP and Hk-means. The boxplot with lines as medians and whiskers at ±1.5
interquartile range; Two-sided Kruskal–Wallis test, P-value was shown. (D) Definition of microTFY boundary via MCI-2kde. Density contour map was
constructed by fragment distribution probability in each individual clusters shown in Fragment-view, then demonstrated the innermost contour line
that covered at least 60% data points, and finally quantified their genomic coordinates by the extremums along the horizontal direction. (E) MCI-view
displays microTFY boundary defined by MCI-2kde. The minimal coordinate and maximal coordinate of the square represents the boundary of the
corresponded microTFY. (F) The identification of microTFY boundary via LabelMe software. Red squares indicate the defined boundaries for individual
microTFY. (G) Empirical cumulative distribution function curve shows the intersection over the ground truth of microTFY. Red dashline highlighted
when the contour line covered chromatin complexes occupied 60% the intersection over the ground truth is almost 90%.
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Figure 5. Characterization of microTFY from RNAPII ChIA-Drop data. (A) Gene count distribution. The scaled density of gene count for the defined 578
of microTFY are plotted, with a peak at 6 of genes for microTFY (green) and 42 of genes for RAIDs (blue), and the scaled density of microTFY and RAIDs
size were plotted, with a peak at 30 and 213 kb, respectively. (B–C) RAIDs (blue bar) present multiplex chromatin interactions from RNAPII ChIA-PET data
are composed with several microTFY when display with RNAPII ChIA-Drop data (green bar). Panel B shows a RAID that was composed by four microTFY,
left one contained cell cycle subG1 phase-associated gene CG17209, right one contained cell cycle G1 phase-related gene Myb. Panel C shows a RAID that
was composed by six microTFY, left one contained cell cycle overG2 phase-associated gene scra, middle one contained cell cycle G1 phase-associated
gene tor, right one contained cell cycle overG2 phase-related gene sax. (D)The violin plots of cell cycle gene counts for RAID and microTFY was shown.
The boxplot with lines as medians and whiskers at ±1.5 interquartile range; Two-sided Wilcoxon test, P-value was shown. (E) We use 35 TF and histone
marker ChIP-seq datasets in Drosophila S2 cells from the modENCODE project to cluster the 578 microTFY into six groups by HCPC clustering. y-axis
shows microTFY and x-axis presents TFs. Bar with color indicates different clusters. (F) Epigenetic feature for microTFY. The boxplot of ChIP-seq data
for H3K27ac (active marker), H3K4me1(enhancer marker), H3K27me3 (inactive marker), H3K4me3 (promoter marker), RNAPII (promoter and enhancer
marker) and RNA-seq data for gene expression were plotted respectively (Cluster-1 is not shown here as its data is too sparse). The boxplot with lines
as medians and whiskers at ±1.5 interquartile range; Two-sided Kruskal–Walls test, P-value was shown.
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cell cycle specificity and even cell type specificity using single-
molecule chromatin contacts, to identify the chromatin extrusion
model and super-enhancers regulation model.

Key Points

• We describe a new toolkit MCIBox, which includes a
visual tool MCI-view for multi-way chromatin interac-
tions visualization and a platform for single-molecule
chromatin complexes clustered micro-domains deter-
mination.

• MCIBox is based on various clustering algorithms inte-
grated with dimensionality reduction methods that
can display multiplex chromatin interactions at single-
molecule level.

• We demonstrate MCIBox ability to explore chromatin
extrusion patterns and super-enhancers regulation
modes in transcription, and to identify single-molecule
chromatin complexes that cluster into micro-domains.

• MCIBox incorporates machine learning algorithms
to identify micro-domains boundaries automatically.
These micro-domains were stratified with distinctive
signatures of transcription activity and contained
different cell-cycle-associated genes, respectively.

Supplementary data
Supplementary data are available online at Briefings in Bioinformat-
ics

Data Availability
The source code of MCIBox can be accessed at the public GitHub
repository (https://github.com/ZhengmzLab/MCIBox). The pub-
licly available datasets used in this study are as follow: ChIA-Drop
data from Zheng et al. [18] (GEO:GSE109355); SPRITE data from
Quinodoz et al. [17] (GEO:GSE114242); GAM data from Beagrie et al.
[16] (GEO:GSE64881) and the available datasets for ChIP-seq and
RNA-seq data are shown in Supplementary Table S1.
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