
R E S E A R C H Open Access

© The Author(s) 2024. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation 
or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by-nc-nd/4.0/.

Xue et al. Molecular Cancer          (2024) 23:190 
https://doi.org/10.1186/s12943-024-02100-0

Molecular Cancer

†Yue Xue, Lu Liu and Ye Zhang contributed equally to this work.

*Correspondence:
Jianyun Zhang
jianyunz0509@aliyun.com
Yanyi Huang
yanyi@pku.edu.cn
Yi Qin Gao
gaoyq@pku.edu.cn

Full list of author information is available at the end of the article

Abstract
Epigenetic alterations, such as those in chromatin structure and DNA methylation, have been extensively studied in 
a number of tumor types. But oral cancer, particularly oral adenocarcinoma, has received far less attention. Here, we 
combined laser-capture microdissection and muti-omics mini-bulk sequencing to systematically characterize the 
epigenetic landscape of oral cancer, including chromatin architecture, DNA methylation, H3K27me3 modification, 
and gene expression. In carcinogenesis, tumor cells exhibit reorganized chromatin spatial structures, including 
compromised compartment structures and altered gene-gene interaction networks. Notably, some structural 
alterations are observed in phenotypically non-malignant paracancerous but not in normal cells. We developed 
transformer models to identify the cancer propensity of individual genome loci, thereby determining the 
carcinogenic status of each sample. Insights into cancer epigenetic landscapes provide evidence that chromatin 
reorganization is an important hallmark of oral cancer progression, which is also linked with genomic alterations 
and DNA methylation reprogramming. In particular, regions of frequent copy number alternations in cancer 
cells are associated with strong spatial insulation in both cancer and normal samples. Aberrant methylation 
reprogramming in oral squamous cell carcinomas is closely related to chromatin structure and H3K27me3 signals, 
which are further influenced by intrinsic sequence properties. Our findings indicate that structural changes are 
both significant and conserved in two distinct types of oral cancer, closely linked to transcriptomic alterations and 
cancer development. Notably, the structural changes remain markedly evident in oral adenocarcinoma despite 
the considerably lower incidence of genomic copy number alterations and lesser extent of methylation alterations 
compared to squamous cell carcinoma. We expect that the comprehensive analysis of epigenetic reprogramming 
of different types and subtypes of primary oral tumors can provide additional guidance to the design of novel 
detection and therapy for oral cancer.
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Introduction
Oral squamous cell carcinomas (OSCC) and adenoid 
cystic carcinoma (AdCC), of which major primary sites 
are epithelium and salivary glands, respectively, make up 
the majority of oral malignancies. OSCC, which is also 
the most common category of head and neck squamous 
cell carcinoma (HNSCC), accounts for 1.8% of newly 
diagnosed cancer cases each year globally [1]. The 5-year 
overall survival of OSCC patients is about 50%. AdCC is 
a relatively rare cancer type, accounting for only 1% of 
head and neck tumors and 10% of salivary gland tumors 
[2]. Although AdCC progresses relatively slowly, it is also 
a relentless cancer. The 5-year patient survival rate is 
approximately 60% [2]. Up to now, surgery remains the 
gold standard for the treatment of AdCC patients, and 
only limited therapy response to AdCC marker inhibi-
tors was observed [2, 3]. Microscopically, tumor cells of 
AdCC are mainly arranged in two morphological forms, 
cribriform and solid, respectively [3, 4]. Little is known 
about the molecular mechanism of AdCC, particularly its 
epigenetic landscape.

Over the years, genetic and epigenetic alternations 
have been extensively investigated in tumor cells. They 
were found to be associated with tumor development in 
many aspects. Genetic alternations, such as single point 
mutations, gene fusions, duplications, deletions, as well 
as large range of copy number variations and transloca-
tions, all have the potential to directly impact the expres-
sion level of genes or alter downstream protein functions. 
In OSCC, frequently mutated genes are dominated 
by tumor suppressor genes (TSGs) [5], such as TP53, 
CDKN2A, FAT1, NOTCH1, while AdCC possesses a low 
rate of exonic somatic mutations [6]. Aside from genome 
instability, nonmutational epigenetic reprogramming has 
also been regarded as an important cancer hallmark [7]. 
Aberrant DNA methylation was frequently observed in 
tumor cells, and many studies focused on the transcrip-
tional repression of tumor suppressor genes associated 
with hypermethylation and the activation of oncogenes 
related to hypomethylation [8–11]. In addition, it is 
increasingly evident that chromatin three-dimensional 
architecture plays a vital role in regulating gene functions 
and cell states, as well as cancer development [12–15]. 
In colon cancer, compromised spatial partitioning of the 
open and closed genome compartments was observed, 
which may repress stemness and invasion programs [16]. 
Subtype-specific chromatin structure was also identified 
in T-lineage acute lymphoblastic leukemia (T-ALL) [17] 
and acute myeloid leukemia (AML) [18]. Furthermore, 
hijacked enhancers, which are induced by structural 

variation, were demonstrated to be associated with AML 
cell growth.

Although epigenetic reprogramming was partially 
characterized in several types of malignancies, such 
as lung cancer [19], colon cancer [16, 20] and leukemia 
[18], less was understood about oral cancer, especially for 
AdCC [21]. In addition, since tumor tissues are known 
to be highly heterogeneous, high throughput sequenc-
ing measurement on bulk tissue can raise concerns 
about the ambiguous composition of cell types. Com-
pared to primary tissues, cell lines have the advantages 
of high cell purity and ease of accessibility and are widely 
used in cancer research. However, it was reported that 
their nature differs from that of primary cancer cells in 
a number of aspects [22]. Therefore, here we combined 
laser-capture microdissection (LCM) and muti-omics 
mini-bulk sequencing, taking advantage of accurate 
sampling to systematically characterize the epigenetic 
landscape of oral cancer. We performed in situ high-
throughput chromosome conformation capture (Hi-
C), whole-genome enzymatic methylation sequencing 
(EM-seq), Cleavage Under Targets and Tagmentation 
(CUT&Tag) for H3K27me3, and RNA-seq, in 401 pri-
mary tumor, paracancerous normal gland and epithe-
lial samples. These samples are from 27 AdCC patients 
and 24 OSCC patients, allowing us to comprehensively 
understand the epigenetic reprogramming from normal 
to tumor cells, the differences between the two types of 
oral malignancies, and the distinct subtypes of AdCC. 
We found that both chromatin structure and DNA meth-
ylation showed tissue- and tumor-type specificity. Chro-
matins in oral cancer cells exhibit decreased long-range 
contact and weakened compartmentalization, result-
ing in altered spatial gene-gene interactions (GGIs). In 
a previous study, we found that the tissue-specific GGI 
network was closely associated with transcriptional regu-
lation and downstream protein-protein interactions [23]. 
The latter have been found to directly affect cancer cell 
phenotypes [24–26]. Therefore, we characterized the 
blueprint of abnormal GGIs for AdCC and OSCC, as well 
as the centrality characteristics from a network perspec-
tive. We also identified conserved copy number alteration 
(CNA) events. Interestingly, CNAs show a close connec-
tion with chromatin structure in that they tend to occur 
in genomic regions that are spatially isolated in not only 
cancerous but also normal samples. In terms of DNA 
methylation, we found that OSCC was characterized by 
a global aberrant DNA methylation, while little change 
was observed in AdCC. We also sought to investigate 
the causes of abnormal methylation changes, including 
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Fig. 1 (See legend on next page.)
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methyltransferase level, cell division history, chromatin 
structure, and spatial H3K27me3 distribution.

Result
Primary sample collection and data overview
To obtain a multi-omics epigenetic blueprint of oral 
cancer, we collect samples from 66 donors, including 
27 AdCC patients, 24 OSCC patients, and 15 healthy 
donors (Fig. 1A, S1A, S1B, Table S1). Pathologically, the 
laser-captured cell bulks of cribriform AdCC consist of 
well-formed tubules and tumor cell nests with microcys-
tic-like spaces, and samples of solid AdCC were collected 
with tumor sheets composed of basaloid cells lacking 
tubular or cribriform formations (Fig.  1A, S1A-C). The 
OSCC microdissected samples contained large nests, 
cords, and islands of cells with pink cytoplasm, hyper-
chromatic nuclei, and prominent intercellular bridg-
ing. Considering the different origins of the two types of 
tumors, adjacent normal gland and epithelial cells were 
measured and analyzed as controls of AdCC and OSCC, 
respectively. Normal epithelial samples were collected on 
the gingival of oral masticatory mucosa, mainly includ-
ing the basal, prickle cell, granular, and keratinized layers. 
To ensure the reliability of the control samples, we col-
lected epithelial samples from both cancer patients and 
non-cancer donors, and paracancerous gland samples 
from both AdCC and OSCC donors. We used laser cap-
ture microdissection (LCM) to acquire small-scale tissue 
samples (200 − 3000 cells) from the oral epithelial, gland, 
and cancerous primary tissues, followed by Hi-C, EM-
seq, CUT&Tag and RNA-seq (Fig. 1B). Multi-omics mea-
surements on samples were taken along the z-axis from 
the same location to ensure that the data across multi-
ple omics are matched (Fig S1A). We carefully sampled 
tumor cells and normal cells with distinct morphologi-
cal signatures, guaranteeing high cell purity. (Fig. S1B, 

S1C). Ki67 immunohistochemistry staining of the slides 
shows a higher rate of cell division in solid AdCC com-
pared to cribriform AdCC (Fig. S1D). Moreover, we used 
RNA-seq data to identify potential biases assign cell cycle 
phases [27] and found that the majority of samples are at 
G1 phase (Fig. S1E).

Our analysis and understanding of the diverse epi-
genetic characteristics are grounded in the intrinsic 
multi-scale sequence features of the genome (Fig.  1B). 
At the kilobase scale, the genome comprises CpG islands 
(CGIs), which are clusters of CpGs, and the open sea 
regions that lie distal to these CGIs. At the megabase 
scale, the genome comprises forest and prairie domains, 
which are enriched in CGIs and depleted from CGIs, 
respectively [28]. In the following, we first focused on the 
alterations in chromatin spatial structure within two dis-
tinct types of oral tumors.

Chromatin reorganization in cancer cells follows a regular 
pattern
To visually present chromatin structures and their 
changes in carcinogenesis, a three-dimensional recon-
struction was performed based on the Hi-C probability 
matrices (see Methods, Fig.  1C). Our analysis revealed 
discernible structural discrepancies between normal and 
cancer cells. Both AdCC and OSCC exhibit significantly 
increased short-range interactions compared to normal 
cells, accompanied by a reduction in long-range interac-
tions (Supplementary Text, Fig. 1C, S2A-S2C).

We analyzed the chromatin compartmentalization, 
which is a Mb-scale structural characteristic representing 
spatial interaction of euchromatin and heterochroma-
tin (see Methods), for all samples. Unsupervised hierar-
chical clustering of compartment vectors show that the 
compartmentalization of cells is both tissue- and cancer-
specific (Fig. 1D). The similarity between adjacent glands 

(See figure on previous page.)
Fig. 1 Overview of experimental procedure and chromatin compartmentalization of various types of normal and tumor cells. (A) Hematoxylin and eosin 
(H&E) stained images of representative photomicrographs lesions of normal gland, AdCC cribriform and AdCC solid tissues from AdCC donors, as well as 
normal epithelial and OSCC tissues from an OSCC donor. Mini-bulk samples were dissected by LCM, following by multiple genomic profiling assays. Sum-
mary of the dataset is shown in the bottom heatmap plot. (B) The landscape of epigenetic markers and gene expression measured and analyzed in this 
study. Multi-scale sequence features of the genome were focused throughout the investigation. (C) Chromatin 3D structures of chromosome 1 for normal 
gland, AdCC, normal epithelial and OSCC (G6, OACC6, E53 and OSCC53 are presented as examples). (D) Hierarchical clustering for compartment vectors 
of bins with top 10% compartment variation cross all samples. Each column represents a sample and each row is a 40-kb bin. Red or blue pixel indicates 
vector value greater than 0 or less than 0, respectively. (E) The first principal component (PC1, x-axis) and third principal component (PC3, y-axis) of Princi-
pal Components Analysis (PCA) based on compartment index of all samples. Epi-H, Epi-P, Epi-I, OSCC, Gland, AdCC-C, AdCC-S represent healthy epithelial, 
paracancerous epithelial, inflamed epithelial, OSCC, paracancerous gland, cribriform AdCC and solid AdCC, respectively. (F) The first principal component 
(PC1, x-axis) and third principal component (PC3, y-axis) of PCA based on compartment index of healthy, paracancerous and inflamed epithelial samples. 
(G) From healthy epithelial to OSCC, expression changes of genes which switch from compartment B in epithelial to compartment A in OSCC (left panel). 
From normal gland to AdCC, expression changes of genes which switch from compartment B in gland to compartment A in AdCC (right panel). (H) Snap-
shots for compartment vector of regions around STC1 (left panel) and PTPRT (right panel). The bottom row is annotated with positions of gene, CGI forest 
and CGI prairie domains. (I) Boxplots for compartment vector (white box) and normalized expression count (orange box) of TP63 in seven kinds of tissues. 
The box extends from the first quartile (Q1) to the third quartile (Q3) of the data, with black line at the median. The whiskers extend from the box by 1.5×
the inter-quartile range (IQR). Outliers beyond the extreme ends of the whiskers are represented as individual points. *** represnets p < 0.001 by Mann-
Whitney U test. (J) H&E (upper panel) stained images and p63 immunofluorescence (IF) micrographs (lower panel) of a normal gland, a cribriform AdCC 
sample and a solid AdCC sample. (K) Kaplan-Meier plots of overall survival for AdCC patients with high TP63 expression (higher than median level, n = 10) 
and low TP63 expression (lower than median level, n = 11). The shaded areas indicate the 95% confidence intervals, HR = 3.59, p = 0.014 by log rank test



Page 5 of 24Xue et al. Molecular Cancer          (2024) 23:190 

from different cancer types, and the similarity between 
epithelial cells from diseased and healthy donors dem-
onstrate the reliability of using adjacent non-tumorous 
tissues as controls (Fig.  1E). Furthermore, chromatin 
structure is also cancer-subtype and cell-state specific. 
Distinct structural discrepancies were observed between 
solid AdCC and cribriform AdCC (Fig. 1E, S2D), as well 
as among healthy, paracancerous and inflamed epithelial 
samples (Fig. 1F).

To investigate the linkage between chromatin struc-
ture and cell function, we first analyzed non-cancerous 
cells, namely normal glands and epithelial. We found that 
regions undergoing compartment switch are significantly 
enriched with differentially expressed genes (Supplemen-
tary Text, Fig. S2E, Table S2), revealing a close relation-
ship between chromatin structure and the realization 
of tissue specificity. As for the change from healthy epi-
thelial to OSCC, 28 genes switch from compartment B 
to compartment A and meanwhile are transcriptionally 
activated (Fig.  1G, Table S2). These genes are function-
ally related to proliferation, cell cycle, and cell adhesion, 
including MYO1B, STC1, CDKN2A, HMGA2, RBBP8, 
and PRNP. From normal gland to AdCC samples, 19 
genes significantly move to compartment A and become 
activated (Fig.  1G, Table S2), which are functionally 
enriched in cell proliferation and development, such as 
MYC, SOX11, BMP7, and MYT1L, consistent with the 
dis-regulated cell cycle and dedifferentiation of tumor 
cells. Furthermore, we found that tissue-specific chroma-
tin structures become dysregulated in cancer cells. For 
instance, STC1, a CpG-poor and prairie gene, is located 
in well-defined compartment A in the gland while located 
in compartment B in healthy epithelial samples (Fig. 1H), 
consistent with its higher expression in the former than 
the latter samples (Fig. S2F). Interestingly, STC1 moves 
towards compartment B in AdCC and, in contrast, from 
B to A in OSCC development. This B-to-A switch also 
occurs in inflamed epithelial samples, suggesting some 
possible structural similarity between inflammation and 
carcinogenesis may exist. Another example is PTPRT, 
which is specifically repressed in the gland but activated 
in AdCC cells from both structural and transcriptional 
perspectives (Fig. 1H, S2F).

We further investigated the subtype specificity of 
AdCC samples and observed that both the expression 
level and compartment vector of TP63 in cribriform are 
significantly higher than solid-type samples (Fig.  1I). 
We performed immunohistochemistry and validated 
that p63 is indeed a specific biomarker for distinguish-
ing between two subtypes of AdCC (Fig. 1J). Meanwhile, 
AdCC patients exhibiting higher levels of TP63 expres-
sion have a more favorable prognosis (Fig. 1K). In addi-
tion, we found that in all samples, including both normal 
and malignant cells, the expression level of TP63 is 

closely correlated with its compartment value, indicating 
that chromatin structure could be an important epigene-
tic regulator for its transcription (Fig. 1I). Inspired by this 
observation, we further identified 254 genes whose tran-
scriptions are most correlated to, and thus likely regu-
lated by, their structural compartmentalization (Table S2, 
see Methods). We then explored the sequential proper-
ties of these genes. Among these compartment-regulated 
genes, a notably higher percentage exhibit CpG-depleted 
promoters and are located within prairie domains, sur-
passing the background proportions (35% vs. 21%, 34% 
vs. 19%, respectively). These observations indicate that 
the expression of genes with low CpG promoters and 
prairie genes are more sensitive to chromatin structure 
than that of other genes, consistent with our previous 
findings [15, 29].

Of note, the establishment of chromatin structure is 
closely correlated with intrinsic CpG density in both 
normal and cancer cells. Compartments A and B are 
mainly composed of forest and prairie domains, respec-
tively (Fig. S2G). Although some regions undergo an A-B 
switch in carcinogenesis, those conserved in A or B pos-
sess significantly high or low CpG density, respectively 
(Fig. S2H). Regions with a propensity for compartment 
switching possess intermediate levels of CpG density 
(Fig. S2H). The compartment strength (see Methods) 
shows that the extent of compartmentalization decreases 
successively for gland, cribriform AdCC, and solid AdCC 
(Fig. S2I). The same trend is observed for healthy epithe-
lial, paracancerous epithelial, and OSCC (Fig. S2I).

Cancer genes are involved in changes in the gene-gene 
interaction network
In the following, to investigate the detailed and specific 
gene-gene interactions (GGIs) and their biological rela-
tionships, we performed CTG [23] (Hi-C To Geometry, 
see Methods) analyses on Hi-C data. In addition to effec-
tively eliminating systematic bias, the CTG matrix was 
highly consistent with imaging data generated by the 
FISH technique, providing reliable genome-wide analy-
sis of proximal genes in chromatin architecture [23]. We 
first evaluated the similarity between each pair of CTG 
distance matrices by L1 distance, followed by hierarchi-
cal clustering. Clear differences were found among non-
cancerous gland, epithelial, and AdCC, OSCC samples. 
At the same time, high consistency was also found within 
each sample type. These observations demonstrate the 
tissue- and cancer-specific nature of the CTG matrix 
(Fig. 2A). Taking chromosome 17 as an example, a heat-
map of the CTG matrix shows that both OSCC and AdCC 
cells exhibit weakened long-range contacts compared to 
corresponding normal cells (Fig. 2B and C, annotated in 
pink frames), which is in line with the aforementioned 
analyses on the decay of contact probability. Additionally, 
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normal gland and epithelial cells possess clear and fine 
plaid contact patterns, reflecting the high order in the 
regulation of gene-gene distances (Fig. 2B and C, anno-
tated in black frames). In contrast, AdCC and OSCC cells 
exhibit a significantly blurred contact diagram, result-
ing in the spatial mixing of domains that were isolated in 
normal cells (Fig. 2B and C, annotated in black frames).

To better visualize the changes in GGI, we used the 
Fruchterman-Reingold algorithm [30] to generate a two-
dimensional force-directed layout of the genomic struc-
ture. We then used Monte-Carlo sampling to ensure 
the reproducibility of the two-dimensional layout (see 
Methods). In layouts, loss of long-range interactions in 
cancer cells can also be visually observed (Fig. 2D, S2A, 
S3B). Considering gene-gene interaction as a network, 
there is a set of genes showing a “hub” feature, namely 
to be spatially connected to a large number of genomic 

loci. Meanwhile, a group of genes shows high between-
ness, indicating their high capability of bridging different 
structural modules. In order to characterize the biological 
importance of these genes, we treated the CTG matrix as 
an adjacency matrix of the graph (G) and calculated the 
betweenness centrality and closeness centrality for each 
bin of the genome (see Methods, Fig. 2D, S3A). To evalu-
ate the conservation of the gene interaction network, 
we first divided the genes into 10 groups based on the 
average level of centrality in normal gland or epithelial. 
Then we calculated the conservation within each interval 
among one type of cancer samples. For both betweenness 
and closeness centrality, the highest and lowest groups 
are more conserved among different samples than other 
groups. The corresponding distribution diagram shows a 
“U” shaped trend (Fig. S3C, S3D). Of note, the high simi-
larity (more than 50% conservation) seen for the group 

Fig. 2 Gene-gene interaction of normal and tumor cells. (A) Hierarchical clustering of L1 distances between the CTG matrices of all samples. (B) Average 
CTG matrices of healthy epithelial and OSCC (left panel) and their difference (right panel). (C) Average CTG matrices of gland and AdCC (left panel) and 
their difference (right). (D) Two-dimensional layouts of average CTG for gland (upper panel) and AdCC solid (bottom panel). Each dot represents a 40-kb 
bin in chr17 and the color of each in the left, middle and right panels represent its genomic location, closeness centrality and betweenness centrality, 
respectively

 



Page 7 of 24Xue et al. Molecular Cancer          (2024) 23:190 

with the highest centrality indicates a set of genes stably 
function as essential “hubs” in chromatin architecture. As 
a comparison, the similarity between normal and tumor 
samples is lower but also exhibits a U-shape trend (Fig. 
S3C, S3D).

To investigate the connection between chromatin 
structure changes and cancer development, we ana-
lyzed the function of genes that undergo both significant 
structural centrality and gene expression changes in car-
cinogenesis (Table S3). For AdCC, genes with increased 
closeness centrality and expression level are enriched in 
functions pertaining to the cell cycle (105 out of 645). 
Besides cell cycle genes, genes with increased between-
ness centrality and expression are also significantly 
involved in chromatin remodeling, development, and the 
Notch signaling pathway. Of note, the genes that possess 
high closeness and betweenness centrality in AdCC are 
also enriched in cancer genes by a 1.48-fold and 1.68-fold 
enrichment compared to the background, respectively. 
For instance, STAT3 and ETV4 show increased closeness, 
betweenness, as well as expression (Fig. 2D). For OSCC, 
genes of increased closeness centrality and expression 
level tend to be functionally related to cell junction dis-
assembly and cell proliferation. Genes showing enhanced 
betweenness centrality and expression are functionally 
related to the collagen catabolic process and extracellular 
matrix organization. The enrichment of cancer genes for 
these two sets of genes are 1.46 and 2.06, respectively.

Genomic alternation in cancer highly correlates with 
chromatin structure
Copy number alteration (CNA), a crucial hallmark of 
cancer, encompasses large-scale genomic rearrangements 
such as DNA duplications, deletions, and insertions. It 
was reported that oral leukoplakia with higher CNA fre-
quency was more likely to transfer to malignant OSCC, 
although the original leukoplakia had been removed [31]. 
We calculated copy number according to sequencing 
data generated from the Hi-C experiment for all samples 
(see Methods, Fig. 3A and B and S4A, Table S5) and dem-
onstrated the reliability of the results from two aspects: 
First, whole genome sequencing (WGS) experiments 
were performed on 6 sets of matched cancer and nor-
mal samples. WGS-derived copy numbers showed high 
concordance with those obtained from Hi-C data (Fig. 
S4A, Table S4). Second, we compared the copy num-
ber of OSCC to that of oral leukoplakia with dysplasia 
(DOL) [31], considered a precancerous lesion of OSCC. 
A similar CNA pattern was observed for DOL and 
OSCC, such as a high frequency of copy number gains 
in chromosomes 3q, 5p13, and 8 and copy number losses 
in chromosomes 3p and 4. Whereas frequent chromo-
somal losses or gains characterize OSCC, AdCC exhibits 
far fewer CNA events than OSCC (Fig.  3A and B). The 

median length of gain and loss regions for OSCC samples 
are 259 Mb and 294 Mb, respectively. In contrast, those 
for AdCC are 53 Mb and 26 Mb, respectively (Fig. S4B), 
indicating that AdCC is more genetically stable than 
OSCC.

Although cancer cells are known to be heterogeneous, 
we found here that CNAs are partially conservative. For 
instance, more than 50% of OSCC samples lose chromo-
some 3p and gain 3q (Fig.  3B). Quantitatively, the aver-
age Pearson correlation coefficient is 0.38 among samples 
whose total CNA lengths belong to the top 50% of all 
OSCC samples. CNA can lead to aberrant gene expres-
sion (Supplementary Text, Fig. S4C-F, and Table S5). It 
was reported that whole genome doubling (WGD) could 
confer malignant phenotypes of cells by reducing chro-
mosomal segregation, such as TADs and compartments 
[32]. We compared two samples from the same OSCC 
patient which exhibit different copy numbers and found 
that, compared to the diploid chromosome, the strength 
of compartmentalization in the amplified chromosomes 
was slightly reduced. On the other hand, the insulation 
strength of TAD boundaries showed no significant differ-
ence (Fig. S4G-I).

Although CNA has been found to be associated with 
the development of cancer phenotypes, the underlying 
causes of their propensity to occur at specific genomic 
locations remain unclear. It is thus interesting to interro-
gate the relation between CNAs and structural features 
of the chromatin. We defined common CNA breakpoints 
for AdCC and OSCC, respectively, as one breakpoint bin 
occurred in more than 2 tumor samples (see Methods). 
In the Hi-C contact matrix, we observed that these com-
mon breakpoints are often located between two spatially 
separated domains. For instance, the breakpoint down-
stream of the chr9p gain observed in two AdCC samples 
exhibits strong insulating strengths (Fig.  3C). Notably, 
this strong insulation can also be observed in cancer 
samples without CNA in this locus and even in normal 
glands (Fig.  3C). Figure  3D presents the three-dimen-
sional structural modeling results for an AdCC sample 
without CNAs at chr9p, revealing that the boundaries 
of CNA, namely breakpoints observed in other AdCCs, 
indeed coincide with the borders between domains. 
Comparable instances are observed in OSCC: multiple 
samples, irrespective of the presence or absence of CNA, 
exhibit pronounced insulation at the frequent CNA loci 
on chr16p (Fig. 3E). These results imply a close connec-
tion between chromatin spatial structure and CNA, and 
the former might influence the propensity of the latter. To 
quantitively describe the relationship between chromatin 
structure and CNA, we calculated insulation score along 
the genome with a window size of 800 kb (see Methods). 
We found that the insulation scores of common break-
points are significantly lower than the average, reflecting 
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their stronger insulation strength (Fig.  3F). Again, this 
insulation property is observed for the same loci in cor-
responding normal samples (Fig.  3F). In conclusion, we 
found that a subset of cancer samples are characterized 
by conserved CNA events, which tend to occur in regions 
that are inherently spatially separated.

DNA methylation changes in AdCC is distinct from OSCC
Changes of DNA methylation (5mC) in cancer devel-
opment are frequently observed in tumor cells [8, 33], 
including hypermethylation of CGIs and hypomethyl-
ation of open seas [34]. Owing to the LCM and mini-bulk 
sequencing, we are able to investigate the methylation 
pattern in tumor cells of high purity in AdCC and OSCC 
patients, respectively.

We first calculated the average CpG methylation level 
at 1-kb resolution along the genome. Subsequent PCA 
shows significant differences among normal gland, 

epithelial, AdCC, and OSCC (Fig.  4A). Next, we calcu-
lated the correlation of DNA methylation level at various 
genomic distances, averaging methylation level with a 
200-bp window size (Fig. S5A). Methylation autocorrela-
tions exhibit nearly power-law decays in normal epithe-
lial and gland samples. While the decay pattern in OSCC 
cells differs from that in normal cells, with significantly 
higher autocorrelation at various genomic distances 
(Fig. S5A). Meanwhile, the inflamed epithelial positions 
between normal and cancerous states, probably showing 
some connection between inflamed states and the latter. 
In contrast, the differences of methylation autocorrela-
tion features between normal glands and AdCC are much 
smaller than those between epithelial and OSCC (Fig. 
S5A).

Considering the distinct sequential and methyla-
tion characteristics of CGI and open sea, we calculated 
their methylation levels separately (Fig.  4B). In normal 

Fig. 3 Copy number alteration of tumor samples and its association with chromatin structure. (A) The frequencies of copy number gain and loss of AdCC 
samples and (B) OSCC samples. (C) Copy number of all AdCC samples on chromosome 9 (upper), as well as representative Hi-C contact heatmaps within 
the same region (lower panel, representative samples are arranged from top to bottom as G2_1, G4_1, OACC2_1, OACC7_2, OACC4_1 and OACC1_1, 
respectively). The breakpoints are marked with gray dashed lines. (D) Chromatin 3D structures of chromosome 9 for OACC1 (upper). The area identical 
to Figure (C) is magnified and displayed below. (E) Copy number of all OSCC samples on chromosome 16 (upper), as well as the Hi-C contact heatmaps 
within the same region (lower panel, representative samples are arranged from top to bottom as E58_1, OSCC53_1, OSCC51_1, OSCC58_1, respectively). 
The breakpoints are marked with gray dashed lines. (F) Boxplots for insulation scores in gland and AdCC samples (left panel), epithelial and OSCC samples 
(right panel). Grey boxes represent all bins and yellow boxes represent copy number breakpoints occurred in AdCC (left panel) and OSCC (right panel). 
*** represents p < 0.001 by Mann-Whitney U test
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Fig. 4 DNA methylation changes in carcinogenesis and their associations with multiscale CpG densities and chromatin structures. (A) PCA based on the 
methylation levels of 1-kb bins in chr1 for various types of tissues. (B) Heatmap of methylation level of CGIs (left panel) and open seas (right panel). Each 
row represents a sample and each column represents a CGI or open sea. (C) Each dot represents the average levels of CGIs (x-axis) and open sea (y-axis) for 
a sample. (D) Two-dimensional layouts of three-dimensional CTG matrix of OSCC54. Each dot represents a 40-kb bin in chr17p and from left to right panel, 
the color of each subfigure indicates its genomic location, whether it belong to CGI forest or prairie domains, compartment vector in OSCC54 and open 
sea methylation change from E54 to OSCC54, respectively. (E) Two-dimensional layouts of three-dimensional CTG matrix of OACC4. Each dot represents a 
40-kb bin in chr17p and from left to right panel, the color of each subfigure indicates its genomic location, CGI forest/CGI prairie, compartment vector in 
OACC4 and open sea methylation change from G4 to OACC4, respectively. (F) Boxplot for Forest-Prairie open sea methylation differences (MDIs) of nor-
mal epithelial and OSCC in different pathological stages (left) and normal gland, AdCC in different pathological stages (right). P-values are calculated by 
Mann-Whitney U test. ***, p < 0.001. n.s., not significant. (G) The average open sea methylation level of 1-kb bins with different CpG densities (x-axis). The 
methylation levels are calculated separately according to whether bins belong to forest (F) or prairie (P) domains. E54, OSCC54 and (H) G4, OACC4 serve 
as representative samples for epithelial, OSCC, gland and AdCC, respectively. (I) Boxplots for TSS methylation levels (y-axis) in four types of tissues (x-axis)
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epithelial cells, CGI and open seas are lowly and highly 
methylated, respectively. In contrast, every OSCC sample 
undergoes various degrees of CGI hypermethylation and/
or open sea hypomethylation (Fig. 4C), in line with earlier 
discoveries in HNSCC [5]. Unexpectedly, such canonical 
global methylation alterations are rare in AdCC (Fig. 4B 
and C). Specifically, although some CGIs are hypermeth-
ylated in OACC, more are hypomethylated, leading to 
low overall CGI methylation levels (Fig. S5B, 4C). At the 
same time, their open seas are highly methylated, akin to 
normal gland and epithelial cells (Fig. 4B). These features 
are seen in all solid subtype samples and most of the 
cribriform samples examined. The non-negative matrix 
factorization results of CGI and open sea methylation 
demonstrate that OSCC is indeed similar to many other 
types of malignancies, while AdCC is distinctly different 
and more similar to normal cells (Fig. S5C).

To envision the connections of open sea demethylation 
in carcinogenesis to sequence and structure, we plot-
ted the 2-dimensional layout of spatial chromatin struc-
ture. We colored it according to DNA sequence, forest 
and prairie domains, compartment vector and open sea 
methylation changes (Fig. 4D and E). As discussed earlier, 
forests and prairies are spatially separated, respectively 
making main contributions to compartments A and B. 
At the same time, open sea demethylation predominantly 
occurs in prairie/compartment B in OSCC, leading to 
enlarged Forest-Prairie open sea methylation difference 
index (MDI, see [28, 35]) in tumor cells (Fig. 4F). Com-
pared to the methylation levels of CGI and open sea, MDI 
reflects better the differences between normal and cancer 
(Fig. 4F, S5D). Notably, little tumor stage dependence is 
found for either CGI methylation, open sea methylation, 
or MDI level (Fig. 4F, S5D), suggesting that the methyla-
tion change, if it occurs in a cancer type, occurs at very 
early stages of cancer. Overall, genomic regions with 
lower local CpG density are more likely to be hypometh-
ylated (Fig.  4G), showing the close association between 
the extent of demethylation and CpG density distribu-
tion. In contrast, in AdCC, the low CpG regions remain 
highly methylated (Fig. 4H), and the differences between 
forest and prairie domains become even smaller in sev-
eral tumor samples (Fig. 4F).

To further investigate the reason for the non-canon-
ical methylation in AdCC, we performed CUT&Tag for 
H3K27me3 in corresponding samples. It was well known 
that H3K27me3-rich regions, which are often CpG-rich, 
tend to undergo hypermethylation in carcinogenesis [10, 
36]. Therefore, we examined the methylation level of 
gene promoters heavily marked by H3K27me3 in both 
normal and cancer samples. We found that these genes 
are unmethylated in normal epithelial cells and undergo 
significant hypermethylation in OSCC, as expected 
(Fig. S5E). In contrast, most of the genes marked by 

H3K27me3 in normal glands remain unmethylated in 
AdCC (Fig. S5E). In OSCC, genes with promoters con-
sistently hypermethylated (see Methods) are functionally 
related to embryonic development and synaptic signal-
ing (Fig. S5F). Meanwhile, the majority of these promot-
ers possess high CpG density (Fig. S5G). Several tumor 
suppressor genes were reported to be hypermethylated 
in OSCC [11], such as p16 (CDKN2A) [37], DAPK1, 
MGMT [38]. A subset of OSCC samples, but almost no 
AdCC samples, are found here to undergo hypermethyl-
ation in these promoters (Fig. 4I). Other tumor suppres-
sor genes which are found significantly hypermethylated 
in our data, including USP44, WT1, CDX2 and IRF4, also 
exhibit low methylation level in AdCC samples (Fig. 4I). 
For AdCC, the majority of hypermethylated promoters 
possess low CpG density (Fig. S5G), and is functionally 
related to immune process (Fig. S5F).

Transcription start sites (TSSs) that undergo meth-
ylation changes in OSCC are prone to be located in the 
more repressive spatial environment (compartment B) 
in both epithelial and OSCC, compared to TSSs of all 
coding genes (Fig. S6A). Consistently, these genes are 
also transcriptionally silenced in epithelial samples, and 
become even more repressed in OSCC samples (Fig. 
S6B). However, the correlation between expression and 
methylation changes is only 0.059 for genes that undergo 
hyper or hypo methylation. For AdCC, in contrast, there 
is no significant difference in terms of compartment 
among all TSSs, hypermethylated TSSs, and hypomethyl-
ated TSSs in both gland and AdCC (Fig. S6C). In AdCC, 
hypomethylated TSSs marginally move to compartment 
A and become transcriptionally activated compared to 
the background (Fig. S6C, S6D). Meanwhile, hypermeth-
ylated TSSs become significantly repressed in AdCC 
(Fig. S6D). The correlation between expression and 
methylation changes for these genes is -0.29. In conclu-
sion, methylation changes in OSCC mainly occur in spa-
tially repressive regions with little effect on expression, 
whereas in AdCC, methylation changes are more closely 
associated with expression regulation.

To understand why AdCC does not undergo canonical 
methylation changes like OSCC or other cancers stud-
ied previously, we focused on the methylation enzymes, 
including DNA methyltransferases (DNMTs) and the 
ten-eleven translocation (TET) family (Fig. S6E). Whole 
Exome Sequencing (WES) performed on 6 pairs of 
matched cancer and normal samples revealed no muta-
tions within these enzymes (Table S4). Next, we analyzed 
their expression level and found that compared to OSCC, 
AdCC possesses higher expression levels of DNMT1 and 
DNMT3A, especially the latter. DNMT1 is a mainte-
nance enzyme responsible for methylation during repli-
cation, and DNMT3A was also reported to be critical for 
maintaining global highly methylated status [39]. For all 
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tumor samples (AdCC and OSCC), the open sea meth-
ylation level positively correlates with DNMT3A expres-
sion level (with a Spearman correlation of 0.4, Fig. S6F). 
On the other hand, the expression level of demethyl-
ation enzyme TET1 in AdCC was also found to be much 
higher than that of OSCC (Fig. S6E), and consistently, 
the methylation level of CGI is negatively correlated with 
TET1 expression (spearman correlation is -0.62, Fig. 
S6F). In accordance with this correlation, it was reported 
that knocking out TET1 could cause hypermethylation 
of promoters for genes that are functionally related to 
development and nervous system [39], indicating that 
the maintenance of low methylation level of these genes 
requires the demethylation enzyme.

Interplay among chromatin structure, DNA methylation 
and H3K27me3 modification
Considering that Polycomb complex could function as 
silencers via chromatin interactions [40, 41], and that 
they are associated with DNA methylation alterations 
in carcinogenesis, we next try to delineate the relation-
ship between H3K27me3 signal, methylation changes, 
and chromatin structures. Firstly, consistent with earlier 
studies, H3K27me3 markers are found to be unevenly 
distributed along the genome [41](Fig. 5A, S7A). Further-
more, we observed spatial clustering of H3K27me3-rich 
regions (MRRs) in the three-dimensional structural mod-
els (Fig. 5B). We calculated the spatial H3K27me3 density 
(see Methods) for each bin and found that MRRs indeed 
tend to be surrounded by bins of higher H3K27me3 den-
sities than background (Fig. 5C, S7B), which suggests that 
H3K27me3-rich domains could not only spread linearly 
along DNA, but also spatially cluster.

Next, we combined genomically adjacent MRRs and 
further defined long MRRs (see Methods, Fig. 5D, S7C). 
Notably, although located in compartment A, long MRR 
domains can act as potent silencers, as evidenced by the 
considerably lower expression levels of genes in long 
MRRs than those in compartment B (Fig. 5E and F, S7D, 
S7E). These potent silencers are observed in both normal 
gland, epithelial, OACC, and OSCC samples, consistent 
with previous findings in cell lines [41]. Additionally, 
MRRs of different lengths tend to differentiate in gene 
functions (Fig.  5G): Short MRRs are enriched in syn-
apse organization. Long MRRs are functionally enriched 
in pattern specification, cell fate commitment, and 
embryonic development, which are usually profoundly 
repressed in differentiated cells, implying function-spe-
cific epigenetic regulation.

MRRs can form interactions over large genomic dis-
tances. It was reported that hypermethylation, often 
observed in MRRs, could lead to disrupted chromatin 
loops [42]. However, in this study, the chromatin loops 
are found barely influenced by hypermethylation. On the 

one hand, the proportions of loops mediated by methyl-
ated CGIs are similar between normal and tumor sam-
ples (Fig. S7F, 5H). On the other hand, compared to other 
loops, including unmethylated CGI-mediated loops, 
loops found in normal epithelial cells with at least one 
hypermethylated anchor in OSCC showed unchanged 
contact probability in the latter (Fig. S7G). For instance, 
HOXA genes and upstream regions in chromosome 7 
(Fig. 5I), which are modified by high levels of H3K27me3, 
spatially interact with each other in normal epithelial. In 
OSCC, although CGIs in these regions are hypermethyl-
ated, their interactions remain unaltered. In AdCC, these 
loci also undergo hypermethylation, although to a lesser 
extent than in OSCC, their spatial interactions are also 
similar to those in normal glands. Similar findings in 
another region of chr20 show that neither hypermethyl-
ation (in OSCC) nor lack thereof (in AdCC) significantly 
affects the spatial contacts.

We also explored the correlation between changes in 
H3K27me3 level, spatial H3K27me3 density, methylation, 
and expression (Fig. 5J). In AdCC, taking G6-OACC6 as 
a pair of examples, MRRs in which H3K27me3 signals 
decrease in carcinogenesis are spatially isolated from 
the MRR environment, and concurrently, related genes 
are generally activated. Conversely, MRRs with elevated 
H3K27me3 signals are spatially adjacent to other MRRs, 
showing an overall decrease in gene expression in can-
cer. It is noteworthy that the regions with changes in 
H3K27me3 levels exhibit little methylation change. In 
the instance of the OSCC (E52-OSCC52), MRRs with 
decreased H3K27me3 levels in cancer are accompanied 
by decrescent spatial H3K27me3 densities, as well as 
a more pronounced rise in methylation than the MRRs 
of increased levels of H3K27me3. The difference in 
gene expression changes between these two groups of 
regions is more minor in OSCC compared to AdCC. In 
conclusion, the local H3K27me3 spatial density varia-
tion is likely accompanied by changes in its neighbor 
regions. Changes in H3K27me3 for AdCC correlate 
with changes in gene expression, whereas changes in 
H3K27me3 in OSCC are more related to the degree of 
hypermethylation.

Dysregulated gene expression in cancer cells and its 
association with epigenetic reprogramming
In the following, we try to gain insights into the related 
factors of abnormal gene expression in carcinogenesis, 
including those biomarker genes implicated for AdCC [3, 
43] and OSCC [5] (Fig. 6A and B). For these genes con-
tributing to cancer development, we performed linear 
regression analyses between expression changes and each 
epigenetic factor by ordinary least-squares (OLS) models. 
Regression coefficients show that compartment changes 
are most closely associated with abnormal expression, 
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Fig. 5 Associations among chromatin structure, DNA methylation H3K27me3 modification and gene expression. (A) Distribution of genomic distances 
between all pairs of adjacent H3K27me3-rich domains (MRRs) in G6 (normal gland). (B) Chromatin structure of chromosome 1 in gland (G6). H3K27me3-
rich domains are colored in black. (C) Probability density of H3K27me3 spatial density for MRRs (yellow) and all bins (blue). (D) The distribution of length 
for merged MRRs. (E) Probability density of compartment vector for all bins (blue), MRRs with length between 10 Kb and 40 Kb (yellow) and MRRs that 
longer than 40 Kb (green). (F) Boxplots for expression level of various types of domains in G6. (G) GO analysis for genes in short MRRs (left) and long MRRs 
(right) in G6. (H) Proportion of loops of which anchors keep unmethylated or become hypermethylated in carcinogenesis for all CGI loops in different 
samples. E-P, P-P, CTCF, H3K27me3 refer to enhancer-promoter loops, promoter-promoter loops, CTCF-mediated loops and H3K27me3-rich mediated 
loops, respectively. (I) Snapshots of two example regions showing H3K27me3, CGI methylation, CGI methylation change and Hi-C data in matched repre-
sentative samples (E53, OSCC53, G6 and OACC6). (J) From left to right, boxplots for changes of spatial H3K27me3 density, TSS methylation and expression 
for MRR genes that show increased or decreased H3K27me3 level from gland to AdCC (upper panel) and from epithelial to OSCC (lower panel). ** and *** 
represent P-value < 0.01 and P < 0.001 by Mann-Whitney U test, respectively
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Fig. 6 Changes of gene expression, as well as genomic and epigenomic factors for AdCC and OSCC biomarkers. (A) Changes of gene expression, TSS 
methylation, compartment vector and CNA for AdCC biomarkers and (B) OSCC biomarkers are represented by circles, the colors of which represent the 
directions of changes and the sizes of which indicate the significances of the changes. The degrees of betweenness centrality and closeness centrality in 
cancer cells, as well as the extent of GGI changes in cancer development are characterized by both colors and sizes of circles. (C) Mean expression fold 
changes (calculated by DESeq2, y-axis) from gland to AdCC cribriform (left panel) and from AdCC cribriform to AdCC solid (right panel) for genes that 
possess certain level of exon CpG densities (x-axis). Error bars are shown on dots. (D) Boxplots for expression ranks of a set of cell cycle genes in gland, 
cribriform and solid samples. (E) Each dot represents a TF and x-axis, y-axis represent the proportion of genes that could be bound by this TF for all genes, 
and for cell cycle genes which are collectively up-regulated during AdCC development. (F) H&E (upper panel) stained images and e2f1 immunofluores-
cence (IF) micrographs (lower panel) of a normal gland, an AdCC cribriform sample and an AdCC solid sample. (G) Two-dimensional layouts colored by 
closeness centrality and (H) betweenness centrality for chromosome 20 in gland, AdCC cribriform and AdCC solid
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followed by TSS methylation. However, CNA is the 
least conserved factor, exhibiting inconsistent effects on 
expression changes. Notably, these factors are insufficient 
to account for all gene transcription alterations, necessi-
tating further exploration of other important regulating 
factors [44]. For instance, from a 3-D genomic perspec-
tive, significant changes of chromatin spatial neighbors 
have been observed, like MCM6, CREBBP, SOX10 in 
AdCC and MGMT, PTEN in OSCC. Besides, altered 
betweenness centrality and closeness centrality are also 
observed for these genes, suggesting the possible roles of 
the chromatin structure network in carcinogenesis.

Next, we investigated whether tumor cells possess 
stage-specific transcription features. We identified genes 
differentially expressed between normal and tumor sam-
ples at stage I, and found their expression levels at later 
stages are similar to stage IV (Fig. S8A, S8B). Similarly, 
the expression levels of genes identified to differentially 
express between normal and stage IV tumor samples are 
found to have undergone such changes at the early stages 
of the tumor (Fig. S8C, S8D). Meanwhile, the two sets of 
genes largely overlap (Fig. S8E). These results show that 
overall gene expression changes occur at early stages for 
both OSCC and the two AdCC subtypes, with little fur-
ther changes as the carcinogenesis progresses. As dis-
cussed earlier, similar patterns are also observed for DNA 
methylation changes in OSCC.

Next, we examined whether the gene expression 
changes in carcinogenesis are DNA sequence-depen-
dent. For normal gland and AdCC cribriform, we found 
that genes with higher CpG density are more likely to be 
up-expressed in the cancer cells (Fig.  6C). Meanwhile, 
genes located in forest domains exhibit a greater degree 
of upregulation than those found in prairie domains, 
indicating a close relationship between gene expression 
alterations in carcinogenesis and large-scale sequence 
features. This trend is also observed when AdCC cribri-
form is compared with AdCC solid subtypes (Fig.  6C). 
These findings show that solid tumors are likely at a more 
advanced stage than cribriform tumors, in accordance 
with their clinical phenotypes. For OSCC, the correlation 
between sequence properties and the extent of expres-
sion up-regulation is weaker than AdCC. However, the 
forest genes also tend to be up-regulated more signifi-
cantly than prairie genes (Fig. S8F).

Functional analysis shows that up-expressed genes in 
OSCC cells are highly enriched in extracellular matrix 
organization, Wnt signaling pathway, and cell division. 
Meanwhile, genes related to epithelial functions, such 
as cornification and skin development, are significantly 
repressed, indicating the loss of tissue specificity in car-
cinogenesis (Fig. S8G). Comparing the gland to AdCC 
cribriform and cribriform to solid form, one sees that 
genes related to cell division and cell cycle regulation 

are significantly up-expressed (Fig. S8G). These genes 
include CDK1/2/4, CDC20, CDCA5, and minichromo-
some maintenance proteins MCM2/3/5/10 (Fig.  6D). 
The expression levels of these genes become elevated 
with the aggravation of malignant degree, but not cancer 
stages (Fig. S8H). Notably, a number of these genes have 
been used as valuable clinical markers in diagnosing oral 
cancer. For instance, the expression of MCM2, which is 
involved in initiating DNA replication, was used for the 
differential diagnosis of adenoid cystic carcinoma and 
polymorphous low-grade adenocarcinoma [45]. It also 
serves as the marker of poor prognosis in several types 
of tumors, such as breast cancer [46], ovarian cancer [47] 
and non-small-cell lung cancer [48].

To further explore why these cell cycle genes are col-
lectively up-regulated, we examined whether they are 
regulated by common transcription factors (TFs). We 
downloaded the TF-gene regulation data from hTFtar-
get database [49] and found these genes shared more 
TFs than random (Fig. 6E). We then identified 20 “com-
mon TFs” that bind to more than half of the genes in the 
gene set, and these binding enrichment levels are more 
than twice the average value of all genes. Of note, 8 of 
20 common TF genes, including WDR5, E2F1, SMC3, 
POLR2A, KLF1, KDM5B, RBBP5, and MED12, show 
increasing transcription following the order of normal 
gland, cribriform, and solid tumors (Fig.  6D). We also 
performed immunohistochemistry of e2f1 to validate its 
higher abundance in solid AdCC (Fig. 6F). Among them, 
E2F1 and WDR5 also showed increased expression lev-
els in OSCC than in epithelial cells, while other TFs did 
not (Fig. S8I), indicating the specificity of gene regulation 
between these two different types of tumors. Notably, we 
observed that E2F1 exhibits significantly higher closeness 
and betweenness centrality in the chromatin structure of 
AdCC compared to that of normal cells (Fig. 6G and H). 
High expression level of E2F1 also exhibits a disadvan-
tage effect on survival in pan-cancer samples in TCGA 
(Fig. S8J) [50]. Consequently, E2F1 may not only act as 
a transcription factor to upregulate target genes, but 
also play a more pivotal regulatory role through the GGI 
network, thus holds potential as a cancer biomarker and 
therapeutic target.

Overview of epigenetic reprogramming
As indicated by our findings above, AdCC and OSCC, 
and the two subtypes of AdCC show discrepancies in sev-
eral important genetic and epigenetic aspects, as shown 
in Fig.  7A (see Methods). Both AdCC subtypes exhibit 
much lower frequencies of large-scale genetic altera-
tion and little changes in DNA methylation compared to 
OSCC. In contrast, OSCC and AdCC undergo compa-
rable changes in chromatin structure (compartment and 
CTG contact) and gene expression. Meanwhile, the solid 
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subtype AdCC shows more drastic changes than the crib-
riform subtype in features such as compartment strength 
and expression level of cell cycle genes, consistent with 
their pathological characteristics. We didn’t observe sig-
nificant differences among cancer samples of various 
stages, and all markers we analyzed show change at the 
very early cancer stage, if they do change in carcinogen-
esis (Fig. S8K). Previous published works also found that 
epigenetic changes, such as aberrant methylation, appear 
early during tumorigenesis [51, 52].

Given the crucial role of chromatin structure in gene 
regulation and obvious difference between the CTG 
matrix of normal and cancer cells, we aimed to develop 
a structure-based model for cancer detection. We trained 
transformer models for two types of cancers to predict 
whether a region is in cancerous state or normal state 
from the perspective of structure features (Fig.  7B, see 
Methods). For OSCC, the AUC scores for training and 
test sets are 0.997 and 0.959, respectively (Fig.  7C). For 
AdCC, these numbers are 0.995 and 0.934, respectively 
(Fig.  7C). To examine the applicability of this mode to 
other cancer types, we also tested the pan-cancer per-
formance of AdCC model and the AUC for colon adeno-
carcinoma [16] is 0.843. These results indicate that there 
exists a common chromatin structure change for differ-
ent cancer types so that a model based on chromatin 
structure possesses pan-cancer predictive power. The 
performance of traditional model, such as SVM, was not 
as effective as that of the transformer model (Fig. S8L), 
indicating that the transformer model is more adept at 
handling high-dimensional and hierarchical interactions.

We can obtain a cancer risk factor for each sample 
by averaging the predicted score of all loci. For healthy 
epithelial and paracancerous samples, their risk scores 

are significantly lower than OSCC and AdCC samples 
(Fig. 2F). Notably, the score of paracancerous epithelial is 
slightly higher than healthy ones, indicating the trend of 
some paracancerous samples to go through cancer trans-
formation, although they are still phenotypically normal.

Discussion
In this study, we performed large-scale multi-omics 
analysis on the epigenetic landscape of two types of oral 
cancer, AdCC and OSCC. We found that alterations in 
the three-dimensional chromatin structure are central 
to cancer progression. First, the chromatin structure is 
cell-type and cell-state dependent from multiple per-
spectives, including the organization of overall struc-
ture, compartmentalization, and gene-gene interaction 
network derived from genome distance matrix. Chro-
matin structures are shown to closely associate with the 
execution of cell-specific functions. Second, structural 
changes in AdCC and OSCC are significant and exhibit 
similar trends. In contrast, the frequency of CNAs and 
methylation changes differ greatly between the two types 
of cancer. Compared to normal cells, cancer cells exhibit 
weakened long-range interactions, blurred contact-
confined domains, and altered compartmentalization, 
which are closely associated with the dysregulation of tis-
sue specificity and the activation of cancer genes. Third, 
chromatin structure shows a higher correlation with gene 
dysregulation in various cancers than other genetic and 
epigenetic factors we examined. Furthermore, we devel-
oped transformer models that successfully identified the 
cancer state at single-locus resolution. Notably, the chro-
matin structures of paracancerous epithelial cells devi-
ate from those of normal cells, with a subset of samples 
exhibiting changes towards tumor cells, as evidenced by 

Fig. 7 Multi-omics epigenetic blueprint of oral cancer and predictive models of carcinogenic status based on chromatin structure. (A) Radar plot shows 
the average extents of epigenetic changes for three types of cancers. The value of CNA is 10 times of average proportion of regions that undergo copy 
number gain or loss. (B) Schematic diagram of the transformer model predicting carcinogenic status by CTG. (C) ROC curve (receiver operating charac-
teristic curve) of OSCC model (left) and AdCC model (right) which are used to classify the normal or cancer state for each locus in CTG matrices. X-axis and 
y-axis represent false positive rate (FPR) and true positive rate (TPR), respectively. CRC refers to Hi-C samples of colorectal adenocarcinoma. (D) Boxplot 
for cancer risk scores of healthy epithelial (Epi-H), paracancerous epithelial (Epi-P), OSCC samples in OSCC model (left panel) and gland, AdCC cribriform, 
AdCC solid samples in AdCC model. ** and *** represent p < 0.01 and p < 0.001 respectively by Mann-Whitney U test
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patterns in both GGI network and contact decay fea-
tures, suggesting that chromatin structure changes have 
the potential to be used as sensitive and early markers for 
carcinogenesis. Studies on phenotypic effects of chroma-
tin structure, combined with biochemical experiments, 
are expected to provide additional in-depth insights into 
the molecular mechanisms of gene regulation in disease 
development.

In addition to the dysregulation of gene expression, 
chromatin structure was also found to have a close rela-
tionship with essential hallmarks of cancer: CNA and 
DNA methylation. In particular, we found CNA events 
tend to occur in the spatially insulated domains, thus 
connecting genetic alterations and the 3-D genome. Most 
OSCC samples undergo global hypomethylation and 
localized hypermethylation in H3K27me3-rich regions, 
similar to many other cancers. These changes exhibit 
dependencies on multi-scale sequence features and 
chromatin structure. Both hyper- and hypo-methylation 
tend to occur in regions that spatially reside in repres-
sive domains. Surprisingly, AdCC was associated with 
nonconventional methylation changes, a rare occurrence 
in other types of tumor cells. It was reported that dele-
tion of TET genes results in hypermethylation of bivalent 
genes related to development, nervous system, and cell 
communication [39]. Meanwhile, DNMTs are required 
for maintaining a global high methylation level [53]. The 
faster division rate of cancer cells has been argued to pre-
vent the full restoration of DNA methylation, especially 
for regions with low CpG density [54, 55]. AdCC, which 
was reported to typically grow more slowly compared 
with other malignancies pathologically [56] (Fig. S1D), 
was found in this study to overexpress methylation “writ-
ers” and “erasers”, thus likely maintains a largely “normal” 
DNA methylation pattern. Moreover, the extent of the 
difference between forest and prairie for OSCC samples 
is positively correlated with HIST1H1A expression level 
(spearman correlation is 0.69, Fig. S6F). It was reported 
that H1 histones could influence local chromatin com-
paction to further control the epigenetic landscape [57, 
58]. In line with our findings, increased HIST1H1A con-
centrations may amplify the methylation gap between 
forest and prairie domains by enlarging the local com-
paction differences between these two types of domains. 
To investigate the significant differences in methyla-
tion changes between AdCC and OSCC, we measured 
H3K27me3 modification and further examined the inter-
play between methylation, H3K27me3 signals, and chro-
matin structure. It is important to note that this study 
has certain limitations, as it does not include various 
types of activating histone modifications and transcrip-
tion factor binding events, which are critical for under-
standing gene interactions and regulatory networks. 
Moreover, although we identified a number of consistent 

epigenetic changes and correlations, their causal relation-
ships require further biochemical experiments and data 
exploration.

Methods
Materials and experiments
Sample collection
Human tissue samples were obtained with consent from 
the patients of Peking University Hospital of Stomatol-
ogy or from healthy donors. The research was approved 
by the Ethics Committee of the Peking University Hospi-
tal of Stomatology (2021-NSFC-43). Tumor and matched 
normal tissues of 27 AdCC patients and 24 OSCC 
patients were collected. Normal epithelial samples were 
collected from the residual tissue of 15 healthy donors 
after the tooth extraction. Detailed sample information is 
shown in Table S1.

Preparation of tissue sections
Freshly frozen tissues were embedded in optimal cut-
ting temperature (OCT) medium (SAKURA, #4583) 
at − 25  °C. A 3-µm-thick tissue slice was sectioned to 
perform a histopathological examination using Leica 
Cryostat (#CM-1900). The slice was stained by standard 
hematoxylin and eosin (H&E) procedure and then ana-
lyzed under light microscopy (Olympus, #BX51). This 
slice was used as a morphological and histological ref-
erence during laser capture microdissection. For each 
tissue, two adjacent 10-µm-thick serial sections were 
obtained. One unstained frozen section was used to cap-
ture cell samples for RNA-seq and CUT&Tag. The other 
section was first fixed in 4% PFA (Solarbio, #P1110) at 
room temperature for 10  min and quenched by 1.25  M 
Glycine (Sigma-Aldrich, #G7403-100G) at RT for 10 min. 
The fixed slice was then processed to H&E staining and 
ready for laser capture microdissection.

Laser capture microdissection (LCM)
A laser microdissection microscope (Leica, #LMD7000) 
with 100× magnification was used to perform cell sam-
ple capture with proper laser settings. To perform RNA-
seq and CUT&Tag, around 3,000 target cells were laser 
captured from the unstained slice to the empty cap of a 
nuclease-free 0.2-ml PCR tube for each sample. The adja-
cent fixed slice was used to extract cell samples for the 
library construction of Hi-C and methylation sequenc-
ing. Cells with the same spatial coordinates as those 
sampled for RNA-seq and CUT&Tag were collected. 
For Hi-C library construction, each sample contained 
approximately 1,000 cells. For methylation sequencing, 
each sample contained around 200 cells.
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Hi-C library preparation
Hi-C experiments were performed following the method 
described in Ref. [59] with some modifications. Briefly, 
the LCM slice of each sample was lysed in 100 µL Hi-C 
lysis buffer on ice for at least 30  min followed by the 
incubation in 0.5% SDS (Invitrogen, #15553027) at 65℃ 
for 20 min and the quench of 10% Triton X-100 (Sigma-
Aldrich, #T8787). Chromatin digestion by MboI enzyme 
(NEB, #R0147L) was carried out at 37℃ with rotation for 
24 h. After fill-in reaction, the ligation reaction was car-
ried out by incubating at room temperature with rotation 
for 24 h. After ligation, DNA fragments were released by 
Proteinase K (Qiagen, #19133) and purified by Ampure 
XP beads (Beckman Coulter, #A63881). Tagemtation 
was then performed using TTE Mix V50 Tn5 enzyme 
(Vazyme, #TD501). Dynabeads M-280 streptavidin beads 
(Invitrogen, #11206D) were used for the capture of liga-
tion junctions at room temperature overnight with rota-
tion. Ten cycles of PCR amplification were carried out. 
Post-PCR purification was performed using Ampure XP 
beads according to the manufacturer’s instructions.

RNA-seq
Geo-seq protocol was used to perform small-bulk 
RNA-seq [60]. After preamplification, to assess the 
quality of amplified cDNA, size distribution was deter-
mined using the 5200 Fragment Analyzer System (Agi-
lent, #M5310AA). Qualified cDNA was diluted to the 
desired amount (50 ng) and used to construct a library 
using TruePrep DNA Library Prep Kit V2 for Illu-
mina (Vazyme, TD501) following the manufacturer’s 
instructions.

Methylation library preparation
To construct methylation libraries using LCM mini-bulk 
samples, we applied NEB EM-seq method [61] (NEB, 
#E7125) with modifications made based on T-WGBs pro-
tocol described in Ref. [62]. LCM samples were first lysed 
and performed tagmentation as described in T-WGBs 
protocol. DNA fragments were purified by AMPure XP 
beads. Methylation conversion was then conducted using 
NEBNext Enzymatic Methyl-seq Conversion Module 
(NEB, #E7125L) following the manufacturer’s instruc-
tions. Converted DNA libraries were amplified by NEB-
Next Q5U Master Mix (NEB, #M0597) with 12 cycles of 
PCR reaction.

CUT&Tag
To perform CUT&Tag experiments on unstained LCM 
frozen slices containing about 3,000 cells each sample, 
we used the Hyperactive Universal CUT&Tag Assay Kit 
(Vazyme, #TD903-02) following the protocol. H3K27me3 
(abcam, #ab195477) was used as the primary antibody 

with 1:50 dilution. Rabbit IgG (H&L) secondary antibody 
(Rockland, #611-201-122) was used with 1:100 dilution.

Whole genome library preparation and sequencing
The LCM samples each containing approximately 600 
cells were lysed using a low-temperature protocol to elim-
inate artifacts in somatic mutation calling as described 
before [63]. Briefly, each biopsy sample was lysed in 
customized lysis buffer containing 15  µg/µl native cold-
active Bacillus licheniformis Protease (Creative Enzymes, 
Cat. No. NATE-0633). The lysis reaction was conducted 
at 6  °C for 1 h. The released genomic DNA was further 
tagmented by Tn5 transposome (Vazyme, TTE Mix V50 
in Cat. No. TD501) followed by 21 cycles of PCR reaction 
to amplified the library molecules. The qualified libraries 
were sequenced by 2 × 150 bp paired-end run on a Nova-
seq 6000 System (Illumina).

Whole exome library preparation and sequencing
Every four WGS libraries were pooled together for whole 
exome probe capture using the SureSelectXT Human All 
Exon V7 (Cat. No. 5191 − 4005) following the manufac-
turer’s guidelines. The products were quality checked and 
sequenced with Novaseq 6000 System (Illumina), gener-
ating 2 × 150 bp paired-end reads.

Library QC and sequencing
The libraries were quantified using Qubit 1x dsDNA HS 
Assay kits (Invitrogen, #Q33230) and the size distribu-
tion was assessed using 5200 Fragment Analyzer System 
(Agilent, #M5310AA). The qualified libraries were then 
quantified by qPCR and sequenced by 2 × 150 bp paired-
end run on a Novaseq 6000 System (Illumina).

Informatics analysis
Genome data
CGI forest domains and prairie domains are defined 
according to Ref. [28]. Cluster 1, 2, 3 genes, which were 
classified based on the distribution of CpG density 
around TSS, were obtained from Ref. [29]. In this work, 
we analyzed all protein coding genes which are down-
loaded from GENECODE release 19 (https://www.genco-
degenes.org). Data used for analysis about transcription 
factors was obtained from hTFtarget database [49]. CGI 
coordinates were derived from UCSC table browser 
(http://genome.ucsc.edu/cgi-bin/hgTables). Cancer 
genes are acquired from Cosmic database (https://cancer.
sanger.ac.uk/cosmic).

RNA-seq analysis
RNA-seq sequence mapping
After adaptor trimming using Cutadapt (version 2.10) 
[64]. RNA reads were processed by Kallisto (version 
0.46.0) [65] to obtain TPM matrix of gene expression. 

https://www.gencodegenes.org
https://www.gencodegenes.org
http://genome.ucsc.edu/cgi-bin/hgTables
https://cancer.sanger.ac.uk/cosmic
https://cancer.sanger.ac.uk/cosmic
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To calculate the gene count matrix, trimmed reads were 
mapped to hg19 genome by STAR (version 2.7.6a) [66] 
and counted by HTSeq 2.0 (version 2.0.1) [67] using 
htseq-count command with GENCODE v38lift37 anno-
tation. Gene expression level was further analyzed in 
two format, rank and normalized count, to perform 
intra-sample comparison and inter-sample comparison, 
respectively. For the calculation of gene rank, raw counts 
were converted to TPM (transcripts per million) format 
and then re-ranked to [0,1]. The rank of highest expres-
sion level is 1 and silenced genes are 0. For inter-sample 
analysis, normalized count was calculated by DESeq2 
(Love et al. 2014).

The identification of differentially expressed genes
Differential expression analysis was performed using 
DESeq2 [68]. Genes with log2(expression fold change) > 1 
and FDR < 0.05 were defined as up-expressed genes, 
and genes with log2(expression fold change) < -1 and 
FDR < 0.05 were regarded as down-expressed genes.

Gene function analysis
The clusterProfiler package [69] and DAVID (https://
david.ncifcrf.gov/) were used in this study for gene func-
tion analysis. The background for GO analysis is all genes 
in orgDB by default.

Tissue specificity for gene
The normalized RNA-seq data was downloaded from 
GTEx project [70, 71]. The tissue specificity of gene i in 
tissue t was defined as

 
sti =

ε t
i − µ all

i

µ all
i

where ε t
i  and µ all

i are the mean expression level of gene 
i in tissue t and all tissues examined, respectively. A gene 
with a tissue specificity value greater than 2 was defined 
as a tissue-specific gene.

Hi-C analysis
Hi-C sequence mapping
Paired-end reads were first under adaptor trimming 
using Cutadapt (version 2.10) [64] with default argu-
ments. Reads shorter than 20  bp were filtered out after 
adapter trimming. Trimmed reads were mapped to 
Genome Reference Consortium Human Build 37 (hg19, 
downloaded from UCSC, https://hgdownload.soe.ucsc.
edu/goldenPath/hg19/bigZips) and processed by HiC-
Pro (version 2.11.4) [72] using default settings. The 
contact matrix extracted by HiC-Pro were then used in 
downstream analysis.

Chromatin 3D structure modeling
A comprehensive description of our methodology is 
available in our preceding publication [73]. In summary, 
we employed a coarse-graining approach to represent a 
chromosome as a series of beads. The equilibrium spac-
ing between adjacent beads was determined by trans-
lating contact frequencies into spatial distances. We 
initiated the process with a randomly generated struc-
ture, which was subsequently refined through Molecular 
Dynamics (MD) simulations. This iterative optimization 
continued until the root-mean-square deviation (RMSD) 
of the resultant structure reached a state of convergence.

Compartment identification
This study regards the Hi-C matrix as an adjacency 
matrix and proposes a physically more interpretable 
compartmentalization method based on spectral cluster-
ing. The main steps are as follows:

(1) Compute the Laplacian matrix corresponding to the 
Hi-C matrix of each individual chromosome.

(2) Perform eigenvalue decomposition on the Laplacian 
matrix.

(3) Select the top k eigenvectors for Linear Discriminant 
Analysis (LDA) dimensionality reduction [74].

(4) The dimensionally reduced output serves as 
indicator vectors for compartments A and B, where a 
positive or negative sign indicates compartment A or 
compartment B, respectively.

LDA can effectively utilize prior knowledge for dimen-
sionality reduction while minimizing the impact of the 
choice of k on classification. Additionally, LDA dimen-
sionality reduction being linear helps preserve the inher-
ent features of the matrix, reducing the risk of overfitting. 
The selection of k is robust and set to 50. Subcompart-
ments are inferred by dcHiC [75].

ENCODE hg19 blacklist regions were filtered out for 
analysis. For a group of gland samples or healthy epi-
thelial samples (amount is N), conserved compartment 
A was defined as those belong to compartment A in no 
less than N-1 samples. Similar definition applies to con-
served compartment B. For inflamed epithelial, AdCC 
and OSCC, considering the high heterogeneity, the cri-
terion of conserved A/B was adjusted to more than 0.5*N 
samples.

The compartment index (CI) of bin i was calculated as

 
CIi = ln

(
Ci−A

Ci−B

)

where Ci−A  and Ci−B  are the average normalized contact 
probabilities between bin i  and compartment A bins, 
and between bin i  and compartment B bins, respectively. 

https://david.ncifcrf.gov/
https://david.ncifcrf.gov/
https://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips
https://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips
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A higher value of CI  indicates that one region is located 
in a more open environment.

Calculation of compartment strength
Compartment strength at the quantile i (ranging from 1 
to 99) is

 

strength (quantile i) =

hom otypicinteractions

within regionx and regiony

heterotypic interactions

between regionxand regiony

regionx  and regionyrefer to the regions with top i% and 
bottom i% compartment vector, respectively.

Identification of compartment switch
When comparing the compartments of any pair of tis-
sues, e.g., tissue 1 and tissue 2, a region defined as A-to-B 
meets the following conditions:

(1) Average compartment vectors for samples belongs to 
tissue 1 is positive.

(2) Average compartment vectors for samples belongs to 
tissue 2 is negative.

(3) The compartment vectors of samples belonging to 
tissue 1 are significantly higher than those of samples 
belonging to tissue 2, namely p < 0.05 by Mann-
Whitney U test.

Identification of compartment regulated genes
Firstly, we calculated the spearman correlation between 
compartment vectors and normalized expression counts 
among all samples. Then we calculated spearman cor-
relation between averaged compartment vectors and 
averaged expression count for seven kinds of tissues, 
including epithelial samples from healthy, inflamed and 
cancer donors, gland, OSCC and AdCC in solid and crib-
riform subtypes. A gene was defined as closely regulated 
by its compartmentalization when both of two kinds of 
correlations were larger than 0.5.

Force-directed algorithm in CTG two-dimensional layout
The two-dimensional visualization of chromatin struc-
ture is realized based on Fruchterman-Reingold algo-
rithm [30] and can help study the differences of the 
three-dimensional structure of chromatin during carci-
nogenesis from a global perspective.

The Fruchterman-Reingold algorithm treats nodes 
as “electrons” and treats edges as “springs”. The force 
between two nodes can be defined as:

 Fij =
⇀
r ij(k

2/|rij|2 − (Aij|rij|)/k) (1)

The interaction force between nodes includes Coulomb 
repulsion force and the Hooke attraction force. The algo-
rithm pushes and pulls nodes apart and searches equilib-
rium layout that reaches local minima of total energy by 
iterations. The resulted layouts are of uncertainties and 
repeated tests with same parameters may end up with 
different results. To ensure the reproducibility of the 
layout, we used Monte Carlo sampling to find the global 
minima of total energy. The total energy is defined as:

 
Etotal =

∑
i>j

Eij  (2)

And,

 
Eij = k2lg |rij| −

Aij|rij|3

3k
 (3)

The detailed steps are as follows:

(1) Use simple random sampling to estimate the 
distribution of total energy and to design the 
acceptance probability function;

(2) Initialize random layout;
(3) Use force-directed algorithm to find local minima;
(4) Reject/accept;
(5) Perform random perturbations and return to step 3.

In order to get a more reasonable layout within each 
epoch, we generate the initial layout based on the highly 
connected edges, and then perform random perturba-
tions. It helps improve the reproducibility within fewer 
iterations.

Betweenness, degree and closeness centrality of gene nodes
In order to quantify the importance of each node in per-
spective of graph theory, we calculate the betweenness 
centrality and closeness centrality of each node for differ-
ent samples. The CTG matrix is regarded as the adjacency 
matrix A of graph G with n nodes, and the interaction 
between the nodes i and j is denoted as Aij.

The betweenness centrality of node i is defined as:

 
Bi =

∑
s �= i �= t

ni
s,t

gs,t

The betweenness centrality reflects the controlling of 
node i over the rest of nodes, and the node with high 
betweenness centrality in the three-dimensional chroma-
tin structure network may be related with gene that plays 
key roles in the regulatory network.

The closeness centrality of node i is defined as:
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Ci =

N − 1∑
n
j=1di,j

The closeness centrality reflects the proximity between 
node i and the rest of nodes, and node with high proxim-
ity centrality may be related with gene that functionally 
associated with more genes.

To ensure the comparability of centrality, we perform 
statistical analysis on sorting ranks rather than the real 
values.

The transformer model for cancer identification
Transformer model used the CTG contact probability 
between each chromatin bin and other bins belonging 
to the same chromosome as the input feature. Bins in 22 
autosomes were merged for training and zero-filling was 
performed to generate 1*6232 features for each bin (equal 
to the length of chromosome 1). The network consists of 
a multi-head attention mechanism (head = 8) encoding 
layer and a fully connected layer, and the output feature 
number is 2. The model used the Binary Cross Entropy 
Loss function and Adam optimizer, with a learning rate 
5e-6. AdCC model uses autosomes from randomly 
selected 8 AdCC and 8 gland samples as training set 
(G10_1, G10_2, G10_3, G1_1, G1_2, G2_1, G2_2, G5_1, 
OACC4_1, OACC4_2, OACC6_1, OACC6_2, OACC8_1, 
OACC8_2, OACC13_1, OACC13_2) and remaining sam-
ples as test set. The OSCC model uses autosomes from 
15 OSCC samples and 5 epithelial samples from healthy 
donors, inflamed tissues and paracancerous samples 
as training set (OSCC51_1, OSCC51_2, OSCC53_1, 
OSCC53_2, OSCC55_1, OSCC55_2, OSCC56_1, 
OSCC57_1, OSCC57_2, OSCC58_1, OSCC58_2, 
OSCC59_1, OSCC59_2, OSCC60_1, OSCC60_2, E53_1, 
E53_2, E58_1, E58_2, E57_2, E102, E103_1, E103_2, 
E104_1, E104_2, E107_1, E107_2, E112_1, E112_2, E111) 
and remaining samples as test set.

Loop identification
Loop calling in high-quality Hi-C sample was performed 
using Peakachu [76], which utilizes Random Forest clas-
sification framework to identify loops.

Analysis of genetic alterations
Copy number alteration analysis
To perform CNA calling, 10 million of mapped reads of 
either Hi-C or WGS sequencing data were used for each 
sample. The reads were tabulated into non-overlapping 
dynamic bins (50 kb resolution) across the genome. Low-
ess regression normalization was performed to reduce 
the GC bias of bin counts. Copy number was called by 
R package DNAcopy (version 1.44.0, https://bioconduc-
tor.org/packages/DNAcopy) [77] using circular binary 
segmentation algorithm (alpha = 0.0001, min.width = 5, 

undo.SD = 2). Regions with copy number > 2.2 or < 1.8 in 
more than three non-cancerous samples were ignored for 
analysis. For diploid autosomes, copy number gain was 
defined as a copy number ≥ 2.5, and copy number loss 
was defined as a copy number ≤ 1.5. CNA breakpoints 
were defined as 40-kb bins where a continuous gain or 
loss segment starts and ends, as well as its one upstream 
bin and one downstream bin.

Single nucleotide variation (SNV) calling
Paired-end reads from the sequencer were aligned to the 
human reference genome hg38 using bwa-mem2 (version 
2.2.1) [78] with default parameter settings. The aligned 
BAM files were then sorted using Samtools (version 1.11) 
[79]. To call somatic SNVs from the WES data, we fol-
lowed the best practice guidelines of The Genome Anal-
ysis Toolkit (GATK) v4.3.0.0 [80]. Briefly, Picard-tools 
2.27.5 was used to fix mate pairs and mark PCR dupli-
cates [81]. Next, the base quality recalibration was per-
formed with GATK. We used gatk Mutect2 [82] to call 
the somatic SNVs in each tumor sample, with the cor-
responding normal samples as the germline comparator. 
To ensure SNVs calling accuracy, we applied gatk Filter-
MutectCalls tool to perform filtering steps. The variants 
listed in the dbSNP 150 database were excluded. The fil-
tered mutations were annotated by gatk Funcotator for 
the downstream analysis. De novo extraction of muta-
tional signatures was conducted using SigProfilerExtrac-
tor [83].

CUT&Tag data analysis
CUT&Tag sequence mapping
Trimmed sequencing reads were aligned to the hg19 
genome using Bowtie2 aligner (version 2.2.9) [84]. Cover-
age matrix was calculated using SAMtools (version 1.7) 
[85] by the command ‘samtools depth’and converted to 
bedgraph format by custom script. H3K27me3 signals 
were processed to counts per million (CPM) format using 
deeptools [86] with “binSize = 50”. ENCODE hg19 black-
list regions were filtered out during normalization. CPM 
signal was then averaged by 10-kb window size or aver-
aged by gene promoter (defined as upstream 4-kb and 
downstream 4-kb considering the broad distribution of 
H3K27me3), followed by quantile normalization.

Definition of long and short H3K27me3-rich domains
CPM signals were averaged in 10-kb window size along 
the genome. Regions with top 10% abundance were 
defined as H3K27me3-rich domains. H3K27me3-rich 
regions were further merged when adjacent gap was no 
more than 10 kb. According to Fig. 5D and S7C, the inter-
section point between the length distribution of merged 
regions and random scenarios is 40  kb. Therefore, the 
regions of which length longer than 40  kb and shorted 

https://bioconductor.org/packages/DNAcopy
https://bioconductor.org/packages/DNAcopy
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than 40  kb are defied as long and short H3K27me3 
regions, respectively.

Methylation data analysis
Methylation sequence mapping
Cutadapt (version 2.10) [64] was used to trim adaptors of 
methylation data. Trimmed data was mapped by Bismark 
(version v0.23.0) [87] to hg19 genome. To deduplicate 
reads, Bismark function deduplicate_bismark was used. 
The methylation matrix was extracted by Bismark com-
mand bismark_methylation_extractor using the default 
setting. DNA methylation level of each CpG site was 
given in percentage by

 
β =

M

M + U
× 100%

where M and U are the signal strength of methylated 
and unmethylated CpG, respectively. For the calculation 
of TSS methylation level, the location of gene promoter 
was downloaded from FANTOM5 project (“https://fan-
tom.gsc.riken.jp/5/datafiles/latest/extra/CAGE_peaks”). 
The midpoints of CAGE peaks labeled with “p1@” 
are regarded as transcriptional start sites (TSSs). For 
each gene, average methylation level was calculated for 
sequences between − 1 kb (upstream) and + 1 kb (down-
stream) of TSS using the 200-bp non-overlapping win-
dow. The average methylation level of the five windows 
with the lowest methylation among these 10 windows 
was regarded as the methylation level of TSS. The up/
down stream methylation level was defined as average 
methylation level for [-8 kb, -2 kb] and [2 kb, 8 kb].

Analysis of hypermethylation and hypomethylation
For each TSS, differences between any two non-cancer-
ous samples were calculated and changing cutoff was set 
as (mean + standard variation), which is 0.l. Methylation 
increase more than cutoff was defined as hypermeth-
ylation and decrease more than cutoff was hypometh-
ylation. The consistency of methylation changes ck for 
given promoter k in carcinogenesis was defined as

 
ck =

∑
i,jdij

N1 × N2

 
dij =






1, mj −mi > cutoff

−1, mj −mi < −cutoff

0, else

Where mi  and mj  are the methylation level of nor-
mal sample i and tumor sample j. N1 and N2 are total 
amounts of all normal and tumor samples, respectively.

The degree of epigenetic changes
To evaluate the extend of epigenetic changes in AdCC 
and OSCC samples relative to normal. We calculated 
Euclidean distances between epigenetic marks of any 
pairs of normal gland samples or any pairs of epithelial 
samples. The average distance is −

l gland  and −
l epithelial

. Average distances between any pairs of normal and 
tumor samples are calculated as −

l gland_cribriform , 
−
l gland_solid  and −

l epithelial_OSCC.  For epigenetic mark k, 
the extent of changes ck  was defined as

 
ck, cribriform =

−
l gland_cribriform

(
−
l gland +

−
l epithelial)/2

 
ck, solid =

−
l gland_solid

(
−
l gland +

−
l epithelial)/2

 
ck, OSCC =

−
l epithelial_OSCC

(
−
l gland +

−
l epithelial)/2
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