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Characterization of network hierarchy reflects
cell state specificity in genome organization
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Dynamic chromatin structure acts as the regulator of transcription program in crucial processes including cancer and cell
development, but a unified framework for characterizing chromatin structural evolution remains to be established. Here, we
performed graph inferences on Hi-C data sets and derived the chromatin contact networks. We discovered significant
decreases in information transmission efficiencies in chromatin of colorectal cancer (CRC) and T-cell acute lymphoblastic
leukemia (T-ALL) compared to corresponding normal controls through graph statistics. Using network embedding in the
Poincare disk, the hierarchy depths of chromatin from CRC and T-ALL patients were found to be significantly shallower
compared to their normal controls. A reverse trend of change in chromatin structure was observed during early embryo
development. We found tissue-specific conservation of hierarchy order in chromatin contact networks. Our findings reveal
the top-down hierarchy of chromatin organization, which is significantly attenuated in cancer.

[Supplemental material is available for this article.]

Genome architecture plays an important role in transcription reg-
ulation (Liu et al. 2018; Deng et al. 2022; He et al. 2022). Instead of
maintaining a static configuration, chromatin structure is dynam-
ic (Barth et al. 2020). A large and diverse set of gene regulatory el-
ements in chromatin are found to regulate transcription through
long-range interactions. For example, promoter-enhancer interac-
tions regulate the dynamic activation of genes (Cloney 2016),
whereas insulators and repressors play the opposite roles (Yang
and Corces 2012). Graph theory has been widely used in decipher-
ing biological networks including protein interaction and gene ex-
pression networks (Koutrouli et al. 2020). Dynamic information
transmission in networks is vital for maintaining functionalities
(Eisenberg et al. 2000; Brazhnik et al. 2002).

Chromatin structure evolves during crucial life processes
including cancer and cell development. Although extensive
studies have attributed oncogenesis to gene mutations (Fujimoto
et al. 1992; Brekelmans et al. 2001; Davies et al. 2002; Spruck
et al. 2002), targeting chromatin structure for diagnosis and
therapy has increasingly gained attention (Kaur et al. 2019).
Conventional microscopic observation of aberrant chromatin
was used for cancer diagnosis (Zink et al. 2004). The recently devel-
oped Hi-C technology allows detailed inspection of aberrant chro-
matin structure in cancer. Pathological cancer tissues were
observed to be accompanied by disturbances in compartments
and TAD structures in Hi-C (Johnstone et al. 2020; Iyyanki et al.
2021; Yang et al. 2021). On the other side, the similarity between
embryonic stem cells and cancer cells has also attracted attention
(Kim and Orkin 2011; Malta et al. 2018; Feng et al. 2021). The char-
acteristics shared by embryonic stem cells and cancer cells include
unlimited proliferation and high cellular plasticity (Seftor et al.
2002; Hendrix et al. 2007). However, the similarity in chromatin
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structure between embryo tissues and pathological cancer tissues
has not been extensively studied.

Although a number of methods have been reported to delin-
eate the hierarchy of Hi-C data, they are confined to the notion of
nested hierarchy, which describes a containment relationship of
units. For example, Soler-Vila et al. introduced TADpole to identify
the hierarchical subdivisions of TADs in intrachromosomal Hi-C
(Soler-Vila et al. 2020). These TAD prediction methods help decode
the modularity of chromatin structure. However, it remains to be
investigated how genomes assemble beyond the scope of discrete
structural units like TADs.

Chromatin contacts converge into a scale-free hierarchical
network, where hub loci are especially important for chromatin
stability and the proper functioning of cells (Sandhu et al. 2012;
Ding et al. 2021). Considering the important role of chromatin in-
teractions in regulating transcription, it is useful to identify the
key elements in genome structure organization. This study is de-
voted to delineating the hierarchy describing the top-down orga-
nization of chromatin. We considered chromatin segments (loci)
forming contacts with extensive genomic regions as top-level
nodes in the hierarchy, whereas loci with local contacting patterns
are bottom-level nodes. We focused on the roles of chromatin hi-
erarchy in important processes including cancer and cell
development.

Result

Graph statistics reflect changes in chromatin contact networks
in cancer and cell differentiation

We examined changes in information transmission properties of
chromatin contact networks (CCNs) from normal to cancer cells
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using published Hi-C data sets of colorectal cancer (CRC) and T- positive relationship between expected BC and the sequential

cell acute lymphoblastic leukemia (T-ALL) (Johnstone et al. distance it strides across, which underlines the bridge-like charac-
2020; Yang et al. 2021). We first performed a graph inference to teristics of long-range contacts (Fig. 1B). We next identified the
each intrachromosomal Hi-C matrix (Fig. 1A, see in Methods). normal- and cancer-specific edges in CRC, T-ALL, and correspond-
We then characterized the traffic fluxes of edges in CCNs using ing normal controls. For instance, an edge existing in more than
betweenness centrality (Freeman 1977) (BC, see in Methods). BC 75% normal CCNs and concurrently absent in more than 75%
of an edge measures its average probability to constitute the short- cancer CCNs was defined as normal specific for a certain cell
est path between any node pair, thus edges with high BC are es- type. In both cases of CRC and T-ALL, we found a significant
sential for information transmission in a functional network decrease in linear sequential distances for cancer-specific edges

(Girvan and Newman 2002). The expected BC is calculated as compared with normal-specific edges (Fig. 1C, P=1.6x 1072 for
the average BC of edges at each sequential distance. We found a CRC and P=2.7 x107'%* for T-ALL). The analogous pattern of
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Figure 1. Graph statistics reflect decrease in information transmission efficiencies in chromatin contact networks (CCNs) in cancer. (A) We performed
network inferences on Hi-C matrices (see in Methods). The element k;; is the contact strength between the ith locus and the jth locus in sequential order.
Then we characterized graph statistics including betweenness centrality (BC), average shortest path length (ASPL), and closeness centrality (CC). (B)
Logarithm plots of expected BC at various sequential distances for normal colon (blue) and tumor (red) samples from four individuals. (C) Boxplots showing
logarithms of sequential distances of cancer- or normal-specific edges in colorectal cancer (CRC) and T-cell acute lymphoblastic leukemia (T-ALL). (D)
Differentially expressed gene (DEG) enrichment in edges with different levels of BC fold change (FC,) for CRC. The enrichment was quantified as the ob-
served/expected value of DEG ratio in edges. Edges were stratified into 200 groups according to FC, rank. The x and y coordinates of points are group
averages of FC, and DEG enrichment, respectively. (E) Boxplots showing ASPL in cancer, cancer cell lines, and corresponding normal controls for CRC
(left) and T-ALL (right). (F) Boxplots showing average CC in cancer, cancer cell lines, and corresponding normal controls for CRC (left) and T-ALL (right).
Identification of normal- and cancer-specific edges and graph statistics including BC, ASPL, and CC were performed on the intrachromosomal CCN of
Chromosome 1. In each boxplot, the center line, the bottom hinge, the top hinge, and the whiskers indicated the median, the 25th percentile, the 75th
percentile, and 1.5 times the interquartile range (IQR) of each data set, respectively.

248 Genome Research
www.genome.org


http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 22, 2026 . Published by Cold Spring Harbor Laboratory Press

Chromatin hierarchy reflects cell specificity

edge redistribution shared by tumor and leukemia indicates a gen-
erality of cancers, which represents a loss of bridge-like long-range
contacts.

We further investigated the possible influences of bridge-reor-
ganization in CCNs in CRC. We stratified edges into groups ac-
cording to their BC fold changes (FCp) from normal colons
to tumors. FC, of an edge e is defined as the adjusted fold change
of BC,

Fcb(e) = log2 (M>'

1+ BCn(e)/BC"

where BC"(e) and BC'(e) stand for BC of the edge ¢ in a normal or a
tumor CCN, and the overbar denotes averaging over all edges in
the normal or tumor CCN, respectively. Through adding the pseu-
docount 1, the adjusted definition of fold change preserves edges
with largely different BC from normal to tumor. We downloaded
gene expression profiles of normal colon and CRC samples from
the TCGA database and identified differentially expressed genes
(DEGs, see in Methods). Edges with high absolute FC, tend to
show enrichment in DEGs (Fig. 1D), which was defined as the ob-
served/expected ratio of DEGs in either anchor of edges. The ex-
pected DEG number is calculated as the product of the DEG ratio
in all loci and the number of loci in a divided group.

Itis known that bridge edges in networks are important for ef-
ficient routing (Krioukov et al. 2010). Considering the loss of
bridge-like long-range contacts in cancer (Fig. 1B,C), we hypothe-
sized that the global information transmission efficiencies in
CCNs should decrease. The inverse of the average shortest path
length (ASPL) measures the global information transmission effi-
ciency of networks (Latora and Marchiori 2001; Mao and Zhang
2013; Shimizu and Mori 2016). We characterized the ASPL of
CCN for each Hi-C sample (see in Methods). We found that cancer
CCNs have significantly longer ASPL than normal CCNs in CRC
and T-ALL (Fig. 1E, P=1.2x 107> for CRC and P=4.3 x 10~ for T-
ALL), indicating a significant decrease of global information trans-
mission efficiency in cancer CCNs. CCNs of cancer cell lines have
even longer ASPL than those of cancer samples, underlining a dis-
tinction between cancer and cancer cell lines (Fig. 1E, P=2.1 x 1072
for CRC and P=1.1x 1077 for T-ALL).

Aside from characterizing the global information transmis-
sion efficiency with ASPL, we further quantified the information
transmission efficiency of each node by CC (Golbeck 2013) (see
in Methods). The average CC values are significantly decreased
in CRC and T-ALL compared to their normal controls (Fig. 1F, P
=1.9x 1073 for CRCand P=1.7 x 107'° for T-ALL). Such a tendency
continues from cancer to cancer cell lines (P=8.4 x 10~ for CRC
and P=4.6 x 107 for T-ALL). The global loss of CC indicates a lo-
calization tendency of the network (Ahmad et al. 2020). Nodes
with the highest 10% CC in the normal colon contain genes en-
riched in the regulation of transcription from RNA polymerase 11
promoter and cell cycle (Supplemental Fig. S1A; Supplemental
Table S3). We normalized CC along the sequence into its Z-score
vector and identified nodes with significant decrease (P<0.05) in
CRC. These nodes contain genes enriched in cell differentiation
and negative regulation of cell proliferation (Supplemental Fig.
S1B; Supplemental Table S4).

For each CCN, we generated a random network with the same
number of nodes and edges and calculated their ASPL and average
CCs). With randomized network structures, normal and cancer
samples no longer show significant changes in these properties
(Supplemental Fig. S2).

Poincaré embedding of CCNs reveals cell state-related changes
in hierarchy

To visualize the hierarchical structure of chromatin contact net-
works, we next embedded the Hi-C of each sample in the
Poincaré disk. Graph embedding is a dimensionality reduction
strategy which transforms graph connectivity into distances in
the embedding space (Perozzi et al. 2014; Grover and Leskovec
2016). Because hyperbolic geometry underlies a hierarchical net-
work with a scale-free structure, Poincaré embedding is a promis-
ing and suitable method for representing chromatin contact
networks while revealing the latent hierarchy. We embedded
each intrachromosomal CCN into the Poincaré disk adapting the
algorithms published by Nickel and Kiela (Nickel and Kiela 2017)
(see in Methods). We quantified the hierarchy statuses of individ-
ual nodes using Poincaré radii (Rp), because nodes with smaller Rp
are closer to all other nodes and have higher hierarchy statuses
(Krioukov et al. 2010; Nickel and Kiela 2017).

Discriminations between normal and cancer CCNss are clearly
seen in the Poincaré disk for both CRC and T-ALL (Fig. 2A,B).
From normal to cancer, the nodes in the embedded structure
show a tendency of shifting from the disk center to the periphery.
Similar tendencies were observed in CRC and T-ALL, and continue
in the change from cancer to cancer cell lines (Fig. 2A,B). We defined
the hierarchy depth of CCN as the negative of the median Poincaré
radii (Rp). Generally, the median Rp shows an ascending trend from
normal tissues to cancer, as well as from cancer to cancer cell lines
(Fig. 2C). Analogous changes occurred on all individual chromo-
somes (Supplemental Fig. S3), indicating that the decrease of hierar-
chy depth occurred genome-wide in cancer. The median Rp of
normal colon cell line is between those of normal colons and CRC
cell lines (Fig. 2C), probably implying a malignancy-related abnor-
mality in chromatin structure of normal cell lines. We generated
random networks having the same number of nodes and edges
with a pair of normal colon and CRC samples. We performed similar
Poincaré embedding procedures for control. We derived random-
ized embedded structures as shown in Supplemental Figure S4.

Intrigued by the stemness in cancer cells (Seftor et al. 2002;
Weeraratna et al. 2002; Balint et al. 2005; Kim and Orkin 2011;
Malta et al. 2018), we also looked into the cell development pro-
cess, during which chromatin structure undergoes significant
changes (Dixon et al. 2015; Vilarrasa-Blasi et al. 2021). We first ex-
plored changes in CCNs during early embryonic development us-
ing published Hi-C data of human (Chen et al. 2019). Compared to
the changes from normal to cancer, CCNs change in an opposite
way during early embryonic development. As shown in Figure
2D, an initial establishment of hierarchy depth is manifested by
a decrease in the median Rp before blastocyst. In cancer, the hier-
archical chromatin structure collapsed, forming a less structured
conformation largely dictated by the 1-D linear DNA sequence
(Fig. 2A,B,D).

To investigate chromatin hierarchy changes in further differen-
tiation from embryo stem cells, we performed Poincaré embeddings
on published Hi-C data sets of human embryonic stem cells (hESCs)
and three hESC-derived lineages (Dixon et al. 2015). Of note, we ob-
served a significant increase in the hierarchy depth after differentia-
tion from hESCs, indicated by the decrease in the median Rp (Fig.
3A,B). Whereas mesendoderm cells (MES) give rise to all cell types
derived from mesoderm and endoderm, trophoblast-like cells
(TBL) and neural progenitor cells (NPCs) differentiate into extraem-
bryonic structures and neural cells, respectively. With more limited
differential potential, TBL and NPCs have their hierarchy depth of
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CCN still displayed a shallower hierarchy
than its normal counterpart, indicating in-
creased sparsity in long-range contacts in
cancer. The biased loss of long-range con-
0 tacts may be resultant from a larger nucle-
us size, which has been observed in cancer
(Denais and Lammerding 2014). We used
the GRCh37 reference genome for analy-
ses. We also transformed the coordinates
of each 40-kb bin center from GRCh37
to GRCh38 using UCSC liftOver (Kuhn
et al. 2013) and performed identical
Poincaré embedding analyses. As shown
in Supplemental Figure S6, with the
transformed Hi-C matrices as inputs, the
trends of hierarchy establishment during
cell development and the hierarchy col-
lapse in cancer were reproduced.
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Figure 2.

CCNs more significantly increased than MES. Early embryo devel-
opment initiates the cell differentiation process, and primary tissues
are at the other end of the cell differentiation trajectory (Peng et al.
2017; Theilgaard-Moénch et al. 2022). We investigated changes in
chromatin hierarchy in cell differentiation by comparing the prima-
ry tissues to human early embryos (from two-cell to blastocyst) using
published Hi-C data sets (Schmitt et al. 2016; Chen et al. 2019).
From human early embryos to differentiated tissues, a significant
decrease in the median R, was observed genome widely
(Supplemental Fig. S3), reflecting the establishment of chromatin
hierarchy in cell differentiation.

We performed a similar network embedding analysis after nor-
malizing the contact frequencies based on sequence length. Because
the normalization operation heightened the long-range contacts, hi-
erarchy depth of CCNs increased generally after normalization
(Supplemental Fig. S5). However, under normalization, the cancer

Colon cancer

Poincaré embedding shows cell state-related hierarchy changes of CCNs in cancer and early
embryo development. (A, B) Embedded structures of CCN's in the Poincaré disk for normal controls (left),
cancer (middle), and cancer cell lines (right) of CRC and T-ALL. The color distribution of embedded nodes
represents DNA sequential order. (C) Bars showing the median Poincaré radii (Rp) of each sample with cell
types varying from primary tissues, cancer, cancer cell lines, and early embryos. (D) Changes in the neg-
ative median Poincaré radii during human early embryo development and in cancer.

®
Colon cancer

i based on which each sample was repre-
cell line

sented by a low-dimensional vector in
the principal component (PC) space. In
both cases of CRC and T-ALL, samples
are departed in PC1 according to their
belonging clusters of normal, cancer,
and cancer cell line (Fig. 4A). The PCA
is conducted on Rp values of all 40-kb
bins in the entire genome. Cell types
can also be separated by PCA of Rpon in-
dividual chromosomes (Supplemental Fig. S7). Such a result in-
spired us to further study the association between cell identity
and the hierarchy order. We evaluated the similarity in hierarchy
order using the Spearman’s correlation coefficients between Rp
vectors. Conservation of intrachromosomal hierarchy order
among normal colons was observed, which was weakened among
colon tumors (Fig. 4B), reflecting increased cell heterogeneity in
cancer. Distinctions in hierarchy order between the normal co-
lons and colon tumors indicate a hierarchy disorder in CRC
(Fig. 4C). On the other hand, each normal primary tissue has a
unique hierarchy order, except for two pairs (cortex and hippo-
campus, left ventricle and right ventricle), which have high
(>0.9) Spearman’s correlation coefficients (Fig. 4C). This result
further indicates that CCN hierarchy order not only distinguish-
es between normal and cancer tissues but also reveals tissue
specificity.
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Figure 3. Changesin hierarchy depth of CCN from human embryonic stem cells (hESCs) to three hESC-derived lineages. We defined the hierarchy depth
of CCN as the negative of the median Poincaré radii (Rp). (A) Bars showing the median Poincaré radii of Chr 11 for human embryonic stem cell (hESC),
trophoblast-like cells (TBL), mesendoderm cells (MES), and neural progenitor cell (NPC). Corresponding Poincaré embedding structures are shown
upon each bar. (B) Boxplot showing the median Poincaré radii of all intrachromosomal CCNs in each sample.

The foregoing analysis revealed hierarchy disorder in intra-
chromosomal CCNs in cancer. We further investigated changes
in the context of whole chromatin during the same process. Due
to existence of chromatin territories, intrachromosomal contact
networks are relatively independent components of the whole-
chromatin CCN. We embedded the whole-chromatin CCNs in
the Poincaré disk at 100-kb resolution (see in Methods). As shown
in Figure 4D, small and gene-rich Chromosomes 16, 17, 19, 20, 21,
and 22 are located near the disk center in normal colon, whereas
they are relocated towards the disk periphery in colon tumor.
We reasoned that chromosomes possess different hierarchy status-
es owing to an ordered radial distribution in the normal nucleus. In
fact, Chromosomes 16, 17, 19, 20, 21, and 22 preferentially inter-
act with each other in a karyotypically normal human lympho-
blastoid cell line (Lieberman-Aiden et al. 2009). We defined the
interchromosomal closeness matrix (see in Methods) to evaluate
the relative distance between each pair of chromosomes. As shown
in the closeness matrix for the normal colon, long chromosomes
are far from each other whereas short chromosomes are close to
each other (Fig. 4E). The small and gene-poor Chromosome 18 be-
haves analogously to long chromosomes. Actually, Chromosome
18 is preferentially located near the nuclear periphery (Ramani
et al. 2016), whereas small and gene-rich chromosomes are fre-
quently observed in the nucleus interior (Boyle et al. 2001;
Tanabe et al. 2002). In colon tumor, the distinction between con-
tacting patterns of short and long chromosomes was attenuated
(Fig. 4E), implying a disorder in the radial distribution of chromo-
somes in the nucleus. In fact, long chromosomes are enriched with
lamina associated domains (LADs) (Kind et al. 2015). In cancer,
lamina associated heterochromatin was observed to be relocated
into the nuclear interior (Johnstone et al. 2020).

Hierarchical chromatin organization contributes to cell state
maintenance

Through Poincaré embedding, we quantified the hierarchy status-
es of nodes in a CCN with Rp. We identified conservative loci in
each hierarchy class in normal colon. Specifically, for each sample,
nodes in an intrachromosomal CCN were stratified into five
classes according to their entries in the Rp vector (i.e., sections of
1st to 20th, 20th to 40th, ..., 80th to 100th quantiles). For each hi-
erarchy class, the intersection of loci among normal samples (n=7
for colon) was identified as the conservative loci of the hierarchy
class. We quantified the conservativeness of each hierarchy class

by Jaccard Index (JI), which was calculated as the size of intersec-
tion divided by the size of union. Loci in the highest hierarchy
class (H-loci) and loci in the lowest hierarchy class (L-loci) have
larger JI compared to the middle classes (Fig. 5A), indicating their
stable hierarchy statuses among samples. The global-contacting
mode of the H-loci was manifested by the largest number of con-
tacts and the highest proportion of long-range (>4 Mb) contacts
(Fig. 5B).

Exemplary contact patterns of genes in each hierarchy class in
the normal colon are shown in Figure 6. For instance, OTX1 in the
top hierarchy encodes a transcription factor important for brain
development (Levantini et al. 2003), it forms more long-range con-
tacts than genes with lower hierarchy (Fig. 6A). Housekeeping
genes are the most enriched in the bottom hierarchy (Fig. 5A).
One such example is ODC1, which has a local contacting pattern
characterized by sparse long-range contacts (Fig. 6E). With moder-
ate amounts of long-range contacts, genes in the middle hierarchy
classes have intermediate contacting patterns between the top and
the bottom hierarchy (Fig. 6B-D).

We further investigated the regulatory-element related his-
tone modifications in each hierarchy class. Enhancers and silenc-
ers, decorated with high H3K27ac and H3K27me3 signals
respectively, are known to function as transcription activators
and repressors via chromatin interactions with promoters
(Creyghton et al. 2010; Cai et al. 2021; Xu et al. 2022). We found
that H3K27ac peaks (enhancer-like) are enriched in both the H-loci
and the L-loci (Fig. 5A). Such an observation indicated the exis-
tence of distinct enhancers with local or global contacting pat-
terns, respectively. Loci in the middle hierarchy classes (class 2,
3, and 4) have medium or low H3K27ac signals on average. SEs
are also enriched in both the H-loci and the L-loci (Fig. 5A). The en-
richment of SEs in L-loci is more significant than that in H-loci.
Exemplary tracks of SEs from the top and the bottom hierarchy
are displayed in Figure 5, C and D, respectively. The SE in the L-
loci is situated in a more H3K27ac-rich region than that in the
H-loci. As shown in the virtual 4C tracks, the SE in the H-loci
has more long-range contacts than that in the L-loci.

Associations between tissue specificities and spatial-temporal
heterogeneity of SEs have been reported (Huang et al. 2018; Kai
et al. 2021). We further investigated the relationship between
the tissue specificity of SEs and their structural hierarchy. We
downloaded the genomic locations of SEs from the SEdb database
(Supplemental Table S5). We measured the tissue specificity of a SE
by the number of tissues it is shared by; for example, a SE exclusive
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to lung has the highest specificity for lung. We quantified the rel-
ative hierarchy status of each SE with its rank score in Poincaré ra-
dii (Rp), a smaller rank score means a higher relative hierarchy
status. For each tissue, SEs were ranked in ascending order accord-
ing to corresponding Rp. The rank score of a SE was calculated as its
rank in Rp divided by the number of entries in Rp. Then each SE was
classified into groups by the number of tissues sharing it. We
found a positive correlation between the tissue specificity of SEs
and their relative hierarchy statuses (Fig. SE). Such a result implies
that SEs with stronger tissue specificity are involved in more ad-
vanced structural regulation, whereas general SEs tend to function
locally. We assumed the structural hierarchy of SEs also reflects the
order of their temporal employment in cell development, because
specific cell functions emerge late.

H-loci also show enrichment for colon complementary genes
(see in Methods) and have the highest level of average H3K27me3
signal (Fig. SA), which is the marker of gene silencers. As shown in
Figure 6A, the gene OTX1 in the top hierarchy is decorated with
strong H3K27me3 and weak H3K27ac signals around its promoter.

We investigated contacts involving loci containing H3K27ac peaks
(enhancer-like) in the highest hierarchy class (HEs) and
H3K27me3-rich loci (silencer-like) in the highest hierarchy class
(HSs). We observed contacting preferences of HEs for colon TSGs
and HSs for colon complementary genes, respectively.
Specifically, HEs had significantly more observed/expected (O/E)
contacts with TSGs than with complementary genes, whereas
the situation is reversed for HSs (Fig. SF). The O/E contacts were cal-
culated as the contact strength divided by the average contact
strength at corresponding sequential distances. Moreover, contact
preferences existed among HEs in normal cells, compared to those
among loci containing H3K27ac peaks (enhancer-like) in the low-
est hierarchy class (LEs) (Fig. 5G).

H-loci were involved in more significantly decreased long-
range contacts in CRC compared to loci in lower hierarchy (Fig.
SH). Similar results were observed for the subsets of contacts be-
tween promoter loci and loci containing H3K27ac-peaks (E-Ps)
and between promoter loci and H3K27me3-rich loci (S-Ps)
(Supplemental Fig. S8). Although HEs and LEs have comparable
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eraged in the normal colons from the TCGA database.

amounts, more contacts between active promoters and HEs under-
went significant changes in cancer, compared with those between
active promoters and LEs (Fig. 5I).

We also found the potency that regulatory elements in H-loci
had in altering gene transcription through rewired contacts in can-
cer. We observed stronger impacts of reshuffled E-P contacts on
transcription for HEs, compared with those for LEs. Specifically,
by identifying significantly changed E-Ps, we found a positive cor-
relation between the number of HEs that an active promoter lost
contact with and its transcription down-regulation (Fig. 7A). In
addition, increased contacts between promoters and HEs were
accompanied by the up-regulation of genes in cancer. In
comparison, the relevance of de novo increased contacts to tran-
scription up-regulation is less evident for LE-Ps (Fig. 7A), implying
more potent roles of HEs in gene activation. On the other hand,
the significantly changed S-P contacts are negatively correlated
with transcription alteration (Fig. 7A), validating the repressive im-

pacts of H3K27me3-rich loci via physical interactions. To control
for variability related to copy number variants (CNVs), we identi-
fied significantly changed contacts for genomic regions with rare
CNV occurrence (see in Methods).

IGSF9isin the top hierarchy in the normal colon and is signif-
icantly down-regulated in expression in CRC (FCypy=-1.67, P=
6.76 x 107'%). As shown in Figure 7, B and C, promoter of IGSF9
lost contacts with distant strong H3K27ac peaks and gained con-
tacts with nearer H3K27ac-poor regions in CRC. Because long-
range contacts have high expected BC (Fig. 1B), losing them may
bring about severely decreased BC for corresponding edges. For
IGSF9, the lost contacts with distant H3K27ac peaks are manifested
as BC fold-changes near —1, whereas gained short-range contacts
are manifested as BC fold-changes with small absolute values.
Changes in BC between gene promoters and potential regulators
reflect the rewired Hi-C contacts, which may lead to transcription
misregulation in cancer. For instance, IGSF9 inhibits breast cancer
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depth.

metastasis and is down-regulated in breast cancer, melanoma, and
colorectal polyposis (Smith et al. 2005; Bowden et al. 2007; Li et al.
2022).

Loci with the highest hierarchy statuses (in the central region
of the Poincaré disk) underwent the most significant hierarchy
degradation in CRC (Fig. 8A). Genes with the highest hierarchy
statuses in normal cells contain the largest ratio of down-regulated
genes in CRC, whereas genes with the lowest hierarchy statuses
contain the largest ratio of up-regulated genes (Fig. 8B). We derived
the gene sets in the highest hierarchy class in normal colon and
CRC, respectively. Active genes in the highest hierarchy class in
normal cells are enriched in pathways including intracellular sig-
nal transduction (e.g., NPR1 and RPS6KA2) and apoptotic process
(e.g., PTEN and ERCC3) (Fig. 8C; Supplemental Table S6). Genes
constituting the most enriched pathways were generally down-
regulated in cancer (Fig. 8C). Active genes in the highest hierarchy
class in CRC are enriched in pathways including replication fork
processing (e.g., MMS22L and NUCKS1) and DNA repair (e.g.,
UBE2T and DNAZ2), which were generally up-regulated in cancer
(Fig. 8D; Supplemental Table S7).

Discussion

Decreased global information transmission efficiency and
hierarchy depth in cancer chromatin
In a CCN, a physical contact may transmit latent genetic signals

(e.g., enhancer—promoter interactions). Bridge edges in a network
guarantee the efficient routing of signals (Krioukov et al. 2010). In

chromatin, long-range interactions are bridge-like edges with high
information flow (Fig. 1B). Loss of long-range contacts was ob-
served in cancer cell lines compared with normal cells (Xue et al.
2022). In this study, we observed loss of long-range contacts and
gain of short-range contacts in cancer tissues (Fig. 1C). Such redis-
tribution of contacts may lead to a hindered global communica-
tion among chromatin loci. The reduction in global information
transmission efficiency was manifested by a decrease in CC as
well as an increase in ASPL.

Centralities and path length are both important network
properties related to the network hierarchy (Krioukov et al. 2010;
Mones et al. 2012; Rajeh et al. 2020). We next performed
Poincaré embedding to reveal the latent hierarchy in CCNs.
Chromatin segments with high hierarchy statuses in normal cells
underwent severe hierarchy down-gradation in cancer, reflected
by increased Poincaré radii (Rp). It is known that targeted attacks
on high-hierarchy nodes bring about severe loss of network effi-
ciency and the global hierarchy (Zamani et al. 2018). The attenu-
ated top-down hierarchical characteristic in cancer resulted in a
more homogeneous distribution of node statuses. Specifically,
with decreased long-range contacts and increased short-range con-
tacts in cancer, linearly adjacent loci were less distinguished and
tended to locate near in the embedding space. Resultantly, the em-
bedded structures were delineated by linear configurations lacking
wrinkled characteristics.

We observed rewired E-P and S-P contacts related to gene tran-
scription alteration in CRC (Fig. 7A). Promoters losing or gaining
contacts with a large number of HEs coincided with significant
changes in transcription. Such quantitative effect may reflect the
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coordination of multiple enhancers in activating a single promot-
er. In fact, deletion of individual enhancers not necessarily affect
the transcription of target genes (Osterwalder et al. 2018; Lin
etal. 2022). Moreover, contact preferences exist among HEs in nor-
mal cells, compared with those among LEs (Fig. SG). These results
may indicate that HEs form an active transcription environment
via spatial contacting in normal cells. In fact, enhancers and active
promoters can form clusters in 3D space and activate each other

(Zhu et al. 2021). In cancer, with severe loss of long-range contacts
(Fig. SH), it is possible that HEs disassembled and genes therein
were deactivated, resulting in down-regulation of genes (Fig. 8B).

In this work, the used Hi-C data sets were from bulk tissues,
which reflected population-averaged chromatin contacts.
However, it is unknown whether the transcription of certain genes
and the mediating contacts exist in each individual cell at one time
point. To examine this, we interrogated the published single-cell
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imaging data with single-cell RNA-seq of IMR-90 cell lines (Su et al.
2020). We found several genes having discrepant distributions of
physical distances with other loci under transcription on and off
states. One example is LCA5SL, which tends to approach a distant
locus under active transcription states (Supplemental Fig. S9).
Our observation reflects that the transcription state of certain
genes stratifies individual cells into subsets with distinct average
contacting profiles. In this aspect, population-averaged chromatin
contacts may better correspond to transcription levels of bulk tis-
sues. We used Hi-C data sets for graph analyses and embedding.
However, our methods can be extended to multidirectional inter-
actions by decomposing multidirectional interactions into combi-
nations of pairwise interactions.

Changes in CCN hierarchy in cancer and cell development

We found that Poincaré embedding can sensitively reveal varia-
tions in chromatin structure especially in processes during which
the CCN hierarchy depth significantly changes, including cancer-
ation and cell development. The CCN hierarchy of blastocyst em-
bryo is initially built up but only become completely established
upon further differentiation into downstream monofunctional
cells. In cancer, CCN hierarchy collapses to resemble stem cells.

The shallow CCN hierarchy of cancer and pluripotent embry-
os is reminiscent of the correlation between network stability and
hierarchy. The more hierarchical a network is, the more resistance
and resilience it has against disturbance (Liu et al. 2012; Zamani
et al. 2018). However, a network with deep hierarchy can jump
to a state with shallow hierarchy under strong disturbance
(Zamani and Vicsek 2017). Because network instability leads to
plasticity (Prinz 2008; Mermillod et al. 2013), we speculate that
the shallow hierarchy or quasi-1D-like characteristics of chromatin
in embryos are related to their proficiency to differentiate. For can-
cer cells, structural instability in chromatin may favor the occur-
rence of tumor heterogeneity. Based on partial similarity in
chromatin structure and substantial differences in cell nature be-
tween cancer and stem cells, it would be interesting to understand
their genetic differences.

In this study, we systematically performed graph analyses and
Poincaré embedding from Hi-C data sets to investigate the role of
chromatin structure hierarchy in cancer and cell development. We
found that chromatin segments with high hierarchy statuses con-
tribute to cell state maintenance. The top-down hierarchy of chro-
matin structure establishes during cell development and collapses
in cancer. The significant changes in graph statistics of CCNs sug-
gest potential usage in cancer risk stratification.

Methods

Hi-C normalization

For each sample, normalization was performed on the raw Hi-C
matrix using the iterative correction and eigenvector decomposi-
tion (ICE) method (Imakaev et al. 2012), yielding the normalized
Hi-C matrix. The normalization was performed on intrachromoso-
mal Hi-C matrices with 40 kb resolution and the whole-chromatin
Hi-C matrices with 100 kb resolution.

Closeness centrality (CC), average shortest path length (ASPL)
and betweenness centrality (BC) in chromatin contact networks
(CCNs)

We constructed the CCNs through a network inference procedure

from Hi-C. The input of the procedure is an ICE-normalized intra-
chromosomal Hi-C matrix of 40 kb resolution. We first calculated a

correlation matrix by computing Pearson correlation coefficients
between rows of the Hi-C matrix. Pearson correlation method
was used in inferring effective connectivity strength between
nodes in biological networks (Sun et al. 2014; Tijms et al. 2014).
Then we assigned edges with the top 5% highest Pearson correla-
tion coefficients as the effective links in a CCN, where each node
is a 40-kb genomic segment. In this way, an unweighted CCN
was derived and fed into following calculation of network metrics
including CC, ASPL, and BC.

CC was calculated as the inverse sum of the shortest paths
from a node to all other nodes in the graph (Golbeck 2013),

i 2
o= () L

A; is the number of reachable nodes for node i (excluding i), N is
the number of nodes in G, and G is the sum of shortest paths
from node i to all reachable nodes. The shortest paths of all node
pairs were calculated with breadth-first search algorithm on un-
weighted graphs (Franciosa et al. 1997).

The BC of an edge e is the sum of the fraction of all pair-wise
shortest paths that pass through e (Freeman 1977):

BCO =Y a1s, t1e)

’
S,teV O-(S’ t)

where V is the set of nodes, o(s, t) is the number of shortest (s, t)-
paths, and ofs, t|e) is the number of these paths passing through e.

Gene expression analysis

We downloaded all available RNA-seq data of CRC and normal co-
lons from the TCGA database, which were then converted into
TPM format. TPM fold change of each gene from normal colons
to colon tumors was calculated as follows:

TPMcancer + 1)

FCTPM - logz (TPMnormal + 1

TPMcancer and TPMpormar Of a gene were calculated by averaging
TPM in all cancer and normal samples, respectively. We performed
differential gene expression analysis with the R/Bioconductor
package “DESeq2” (Love et al. 2014). A DEG was defined as a
gene with an absolute FCrpy larger than 1 and a P-value lower
than 0.05.

Gene function analysis

In this study, Gene Ontology (GO) enrichment analysis of interest-
ed genes were performed using the R package clusterProfiler (Yu
et al. 2012).

Embedding chromatin contact networks in the Poincaré disk

We used the ICE-normalized Hi-C matrices as the input of network
embedding. An intrachromosomal Hi-C matrix with 40 kb resolu-
tion was used in embedding an intrachromosomal CCN, where
each node is a 40-kb genomic segment. We first calculated the pair-
wise contact probabilities among genomic segments from the Hi-C
matrix. For the largest 25% nonzero entries in a Hi-C matrix, their
corresponding contact probabilities were assigned as 1. The rest of
the nonzero entries were divided by the 75th quantile of the Hi-C
matrix and assigned as corresponding contact probabilities. The
probability matrix was the adjacency matrix of a probabilistic
graph, where we used a Monte Carlo strategy to embed into the
Poincaré disk. At each training epoch, we sampled an unweighted
adjacency matrix based on the probability matrix. In embedding
CCNs of the whole chromatin, we used Hi-C matrices of 100-kb
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resolution. For entries ranging from the 85th to 95th quantile in
the Hi-C matrix, their corresponding edges were assigned as effec-
tive in the contact network. The unweighted adjacency matrix was
used through all training epochs.

At each training epoch, the unweighted graph was embedded
in the Poincaré disk based on the Riemannian optimization
(Nickel and Kiela 2017). Loss function was optimized by encourag-
ing connected nodes to be close in the Poincaré disk:

e—d(u,v)

ZV'EN(M) e-dmv) '

LO)= Y log

(u,v)ED

where N'(u) = {v|(u, v) & D} U {u} is the set of unconnected nodes
for the node u. O is the set of embedded coordinates of all nodes
in the Poincaré disk. The hyperbolic distance d(u, v) was calculated
as follows:

lu—v| )
= h
d(u, v) = arcos (1 + 2(1_ lu2)(1= v 2)

where u, v are the embedded coordinates of node u, v. The same
training protocol and experimental setting was applied to all indi-
vidual Hi-C samples.

Interchromosomal closeness matrix

We first calculated the average interchromosomal Poincaré dis-
tances for each pair of autosomes for each embedded structure,

Z dij/NmNn,

€V JEVn

dmn =

where V,, and V,, are sets of nodes belonging to Chromosomes m
and n, respectively, dj; is the Poincaré distance between node i
and j, N, and N,, are the size of set V,,, and V,, respectively. Each
element in the interchromosomal distance matrix (22 x 22) were
then divided by the geometric average of the corresponding pair
of average intrachromosomal distances, to evaluate the closeness
between each chromosome pair:

clo g Y
dmn = dyn/ Am X dyp.

Each element in the closeness matrix was further normalized
by subtraction of 1 and division by the maximum element, so that
matrix values range from O to 1 and the intrachromosomal close-
ness equals 0. The matrix entry ranging from O to 1 represents
the closeness between each pair of chromosomes.

ChIP-seq analysis

The H3K27ac and H3K27me3 ChIP-seq data of normal colon and
CRC were downloaded from the NCBI Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/), accession number
GSE133928. The enhancer-associated mark H3K27ac is punctate
peaks, whereas the repressive modification H3K27me3 is in broad-
er regions. H3K27ac peaks were called using MACS2 (Zhang et al.
2008) with default parameters. H3K27me3 signals were merged
for each 40Kkb loci. The H3K27me3-rich loci were defined as loci
with the top 10% strongest H3K27me3 signals.

Definition of tissue-specific genes and complementary tissue-
specific genes

The normalized RNA-seq data of the GTEx project (The GTEx
Consortium 2013) was downloaded from Sonawane et al. (2017).

The tissue specificity of gene i in tissue f was defined as

where &f and " are the mean expression level of gene i in tissue t

and all tissues examined, respectively. A gene with a tissue specif-
icity value greater than 2 was defined as a TSG. All tissue specific
genes except for those in tissue t are defined as complementary
TSGs for tissue t.

Controlling for copy number variants (CNVs)

We downloaded the inferred CNVs for 26 CRC samples published
by Johnstone et al. (Johnstone et al. 2020). For each 40-kb locus, its
CNV frequency was calculated as the number of CRC samples in
which the locus was overlapped with CNV regions. The loci with
rare CNV occurrences were defined as CNV probability < 0.2, that
is, loci that were overlapped with CNV in less than 5 CRC samples
in the 26 CRC samples.

Statistics

The significance levels of inequality in graph metrics and expres-
sion levels between cancer/embryo samples and their correspond-
ing normal controls were calculated under the one-sided Welch’s t-
test.

Visualization methods

Statistical graphs and visualization of embedded CCNs in the
Poincaré disk were drawn by MATLAB codes. Visualization of net-
works in Figure 1A was performed by Python package NetworkX.

Data sets

The data that support the findings of this study were derived from
the following resources available in the public domain: GEO,
TCGA, and SEdb. The detailed data accession for Hi-C data, RNA-
seq and super-enhancer location can be found in Supplemental
Tables S1, S2, and S5, respectively.

Software availability

The scripts and source codes for graph analyses and Poincaré em-
bedding based on Hi-C data sets are available as Supplemental
Code and at GitHub (https://github.com/wjychem/GGL).
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