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Comprehensivemultimodalandmultiomic
profiling reveals epigenetic and
transcriptional reprogramming in
lung tumors
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Epigenomicmechanisms are critically involved in mediation of genetic and environmental factors that
underlie cancer development. Histone modifications represent highly informative epigenomic marks
that reveal activation and repression of gene activities and dysregulation of transcriptional control due
to tumorigenesis. Here, we present a comprehensive epigenomic and transcriptomic mapping of 18
stage I and II tumor and 20 non-neoplastic tissues from non-small cell lung adenocarcinoma patients.
Our profiling covers 5 histone marks including activating (H3K4me3, H3K4me1, and H3K27ac) and
repressive (H3K27me3 and H3K9me3) marks and the transcriptome using only 20mg of tissue per
sample, enabled by low-input omic technologies. Using advanced integrative bioinformatic analysis,
we uncover cancer-driving signaling cascade networks, changes in 3D genome modularity,
differential expression and functionalities of transcription factors and noncodingRNAs.Many of these
identified genes and regulatory molecules show no significant change in their expression or a single
epigenomic modality, emphasizing the power of integrative multimodal and multiomic analysis using
patient samples.

Although transcription factor (TF) networks generally define cellular states,
chromatin landscape often determines the permissiveness of a switch
between different cellular states1,2. Early variations in the epigenetic land-
scape due to histone modifications, DNA methylation, and non-coding
RNAbindings in a premalignant cell potentially set the stage for aberrantTF
activities and signaling pathways associated with oncogenic
transformation3,4. Canonical chromatin states are marked by specific his-
tone modifications (e.g., H3K4me3 and H3K27ac for active states;
H3K9me3 andH3K27me3 for repressive states)3. The integrative analysis of
chromatin state, gene expression, and long-range interactions allows the
identification of driver TFs and the construction of TF networks5.

Non-small cell lung cancer (NSCLC) is the leading cause of cancer
mortality and accounts for 85%of all lung cancers6. Although there has been
significant progress in the diagnosis and therapy of NSCLC over the years,
an improvedunderstandingof itsmolecular basis is still required for guiding

therapeutic decisions. Profiling of primary tumor samples has revealed
critical information on the reprogramming of regulatory elements in
cancer7,8. Identifying epigenomic signatures is crucial for understanding
NSCLC pathogenesis and selecting the optimal treatment strategy.
Epigenetic-mediated tumor suppressor gene silencing via hypermethylation
or histone code was implicated in lung cancer9. The global level of specific
histonemarkshasbeen linkedwith theprognosis of lung cancers10,11. In spite
of the progress, genome-wide profiling of histone modification was rarely
performed directly on human tumor tissues due to the low quantity of cells
that canbe isolated fromthese samples12. Xenograft and invitro cultures had
to be used when multimodal (>3) profiling was conducted6,13–16. Despite
insights gained from analyses of individual histonemarks, a comprehensive
characterization of the epigenomic landscape, including activating and
repressing marks in primary tumor cells, is necessary to deepen the
understanding of epigenomic dynamics involved in NSCLC pathogenesis.
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In this work, we conducted comprehensive epigenomic and tran-
scriptomic profiling of primary non-small cell lung tumors (N = 18, ade-
nocarcinoma subtype, pathological stage I and II) and non-neoplastic
tissues (N = 20) using low-input technologies, MOWChIP-seq17–19 and
Smart-seq220. Five keyhistonemodificationmarks (activemarksH3K4me3,
H3K27ac, and H3K4me1; repressive marks H3K27me3 and H3K9me3),
and gene expressionwere examined in replicates for each tissue sample.We
identified numerous differentiallymodified epigenomic and transcriptomic
regions between tumor and non-neoplastic tissues. Further analysis by
integrating histonemodification and transcription signal patterns identified
6 sections of genomic loci, with their signature cRAMs, which presented
distinct functions in pathway analysis. Finally, important TFs in the cancer
group and their regulatory geneswere identified to function in the pathways
associated with lung cancer development. By comparing stage I and II
tumors with non-neoplastic tissues, our work focuses on the aberrations in
epigenomic and transcriptional regulatory networks during early-stage
tumor development before extensive genomic instability and micro-
environmental changes set in.

Results
Comprehensivemultimodal andmultiomicprofilingusingpatient
samples
We employed MOWChIP-seq17,18 to profile five histone modifications
(H3K27ac, H3K4me3, H3K4me1, H3K27me3, and H3K9me3) and Smart-
seq220 for transcriptome profiling, with two isogenic replicates utilizing
approximately 20mg of tissue from each of 18 NSCLC samples (lung
adenocarcinoma) and 20 non-neoplastic lung tissue samples (Fig. 1 and
Supplementary Data 1). Thirty-thousand cells were used to create each
ChIP-seq replicate, while 10,000 cells were used for eachRNA-seq replicate.

Our MOWChIP-seq technology yielded average unique reads of
approximately 12.2, 17.0, 12.2, 25.5, and 37.8 million for histone mod-
ifications H3K27ac, H3K4me3, H3K4me1, H3K27me3, and H3K9me3,
respectively (Supplementary Fig. 1 and Supplementary Data 2). Notably,
MOWChIP-seq datasets showed minimal background noise18, with the
fraction of reads in called peaks (FRiP) averaging at 0.377, 0.450, 0.396,
0.122, and 0.181 for H3K27ac, H3K4me3, H3K4me1, H3K27me3, and
H3K9me3, respectively (Supplementary Fig. 1 and Supplementary Data 2).
Furthermore, we calculated the normalized strand cross-correlation (NSC)
and relative strand cross-correlation (RSC) to assess sequencing read
enrichment around histone modification sites21 (Supplementary Data 2).
The average NSC values were 1.12, 1.66, 1.13, 1.02, and 1.03, while the
average RSC were 2.01, 1.60, 1.45, 3.87, and 1.47, for H3K27ac, H3K4me3,
H3K4me1, H3K27me3, and H3K9me3, respectively (Supplementary
Data 2). These NSC and RSC values exceeded or closely approached the
recommended thresholds of 1.05 and 1.0, respectively, by ENCODE. The
Pearson’s correlations between replicates were consistently high, with
averages of 0.93, 0.95, 0.93, 0.92, and 0.95 for H3K27ac, H3K4me3,
H3K4me1, H3K27me3, and H3K9me3, respectively.

In our RNA-seq datasets, we obtained an average of approximately
11.1million uniquelymapped reads, with an averagemapping rate of 69.3%
(Supplementary Fig. 2 and Supplementary Data 2). Additionally, the
average GC content was 50.5%, and the exon percentage was 82.2%. All
these results collectively demonstrated the successful generation of high-
quality data through our low-input technologies.

Differential analyses reveal widespread changes in activating
and repressive histone marks and in transcriptome
To elucidate the epigenomic and transcriptomic changes associated with
non-small cell lung cancer (NSCLC), we identified differentially modified
epigenetic regions (DMERs) using DiffBind22 and differentially expressed
genes (DEGs) using DESeq223 across the 18 tumor and 20 non-neoplastic
lung tissue samples. Our analysis revealed significant alterations in histone
modifications and gene expression profiles between the two groups.

We identified a total of 27,233H3K27ac (13,415 gain and 13,818 loss of
H3K27ac peaks in tumor compared to non-neoplastic samples), 44,677

H3K4me1 (21,132 gain and 23,545 loss), 13,005 H3K4me3 (8725 gain and
4280 loss), 5091 H3K27me3 (2877 gain and 2214 loss), and 18,589
H3K9me3 (11,211 gain and 7378 loss) regions that were differentially
modified, along with 1,053 DEGs from RNA-seq (Supplementary Fig. 3).
We compared the DEGs discovered in our study with those obtained using
public transcriptomic datasets including GTEx normal lung tissues (GTEx-
LUNG, n = 578), TCGA lung adenocarcinoma (TCGA-LUAD, n = 599),
and TCGA lung squamous cell carcinoma (TCGA-LUSC, n = 553)24,25.
More than half of our DEGs (546 out of 1053) overlap with DEGs obtained
using larger public datasets (GTEx-LUNG vs. TCGA-LUAD/TCGA-
LUSC) (Supplementary Fig. 4).

The top-ranked 96 DEGs identified from DESeq2 with FDR≦ 0.0001
and |log2(fold change)|≧ 1 showed distinct separation between tumor and
non-neoplastic tissue groups (Fig. 2A). These genes were significantly
enriched in cancer and cell proliferation/apoptosis-related pathways (Ben-
jamini-Hochberg FDR≦ 0.05), as reported by the g:Profiler26 web server
(Fig. 2B).We also investigated the functional pathways enriched inNSCLC-
specific DMER landscapes (Fig. 2C). Notably, general cancer-related terms
such as “pathways in cancer”were recurrently observed in bothDMERs and
DEGs, indicating robust shifts in histone modification and gene expression
profiles in NSCLC tumors. Several other high-ranking terms were shared
among differential histone modifications and gene expression, including
“Rap1 signaling pathway”, “Axon guidance”, “Focal adhesion”, “PI3K-Akt
signaling pathway”, “Calcium signaling pathway”, “MAPK signaling path-
way”, and “Ras signaling pathway”. These pathways play diverse yet inter-
connected roles in cancerprogression. For instance, dysregulated expression
of protein cues for axon guidance is implicated in lung cancer27, while
aberrations in regulatory genes of axon guidance are frequent in cancer28.
The calcium signaling pathway has been reported to be closely involved in
the proliferation and apoptosis ofNSCLCcells29. In addition, pathways such
as Rap1 and Ras signaling are particularly intriguing. Rap1 signaling plays
diverse roles in tumor invasion and metastasis30, and controls cell adhesion
with its associated signaling network31. PI3K-Akt signaling pathway is a
downstream process of oncogenic Ras signaling, and both are targets for
new therapies in NSCLC32,33. MAPK signaling pathways are involved in
tumorigenesis and related toRasproteins through signalingnetworks34. The
robust detection of the linked pathways ofRap1,Ras,PI3K-Akt,MAPK, and
focal adhesion suggests a network of signaling cascades affecting cell
adhesion in NSCLC tumors. Moreover, focal adhesion has been shown to
affect treatment resistance in cancer35, and its associated signaling cascades
may play crucial roles in the development and progression of NSCLC
tumors.

Clustering of genomic regions reveals the interdependent epi-
genomic and transcriptomic features due to NSCLC
pathogenesis
To capture the comprehensive landscape of genomic regions co-modified
across multiple histone marks and transcriptomic profiles for NSCLC and
non-neoplastic lung tissues, we performed an unbiased unsupervised inte-
grative analysis using EpiSig36,37. EpiSig systematically scanned every 5 kb-
long region in the human genome to identify those with significant signals
for any of the histone marks and gene expression across all samples and
subsequently clustered thembased on similar epigenetic and transcriptomic
patterns. Our EpiSig analysis generated 429 clusters, with an average
number of 66 loci per cluster (Fig. 3). We further categorized these clusters
into six larger sections with distinct patterns through K-Means clustering
(Fig. 3). Specifically, Section I comprised active enhancers, displaying high
enrichment of H3K27ac and H3K4me1 and moderate levels of H3K4me3.
Notably, Section I predominantly occupied intron and intergenic regions
rather than promoters. In contrast, Section II represented active promoter
regions, characterized by enrichment of H3K27ac and H3K4me3, along
with moderate levels of H3K4me1 and RNA-seq signals, and largely
occupied CpG islands, TSSs, TSS upstream 1 kb regions, 5’ UTRs, introns,
and intergenic regions. Sections IV and V were identified as repressed
regions. Section IV was marked primarily by H3K27me3 and weak
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H3K4me3, residing in theCpG islands andTSS regions;while SectionVwas
enriched with the heterochromatinmarkH3K9me3, accompanied by weak
H3K27me3 and H3K4me3 signals, spanning intergenic regions. Notably,
sectionVwas biased towards chr19 and chrX, unlike the even chromosome
distribution observed in other sections (Fig. 3). Chr19 has a known asso-
ciation with C2H2 Zinc Finger Protein (ZFP) Gene Clusters. 44% of all zinc
finger (ZNF) genes are located on chr 19, and H3K9me3 is known to cover
these chr19 ZNF genes heavily38. H3K9me3 plays a significant role in
maintaining gene silencing in inactive chrX39,40. Sections III and VI repre-
sented transcribed regions, enriched with RNA-seq signals. Section III had
slightly weaker RNA-seq but stronger H3K27ac/H3K4me1 signals than
Section VI. Both sections encompassed gene body regions, including 5’
UTRs, coding exons, introns, and 3’UTRs. Additionally, Sections I–III and
VI were highly enriched with DMERs/DEGs, compared to Sections IV and
V (Fig. 3). Sections I and II enriched with active histone marks contain a
high percentage of DMERs (Fig. 3). This suggests that considerable changes
between NSCLC and non-neoplastic lung tissues are influenced by
dynamics in active genomic regions. The genes and functional transcripts in
these regions potentially regulate NSCLC pathogenesis. This integrative
analysis provides a comprehensive understanding of the genomic regions
showing coordinated epigenetic and transcriptomic changes inNSCLC and
non-neoplastic lung tissues, facilitating the identification of key regulatory
elements involved in NSCLC pathogenesis.

Integrative analysis reveals NSCLC-associated changes in
chromatin organization
The alterations in global chromatin organization are recognized as key
drivers of cancer progression41–43. To explore the differences in chromatin
organization between cancerous and non-neoplastic lung tissues, we
employed the findRAM method44. FindRAM is a computational tool that
links histone modification (e.g., H3K27ac) profile with modular chromatin
organization. A regulation-associated module (RAM) identified by this
approach is a unit for spatial chromatin modularity where enhancer-
promoter interactions, loop anchors, and super-enhancer clusters tend to
occur within44.

We used H3K27ac peak densities to identify RAMs in each individual
sample using the sliding window strategy at a step size of 250 kb and a
flanking window size of 500 kb44. Seven-hundred and sixty consensus
RAMs (cRAMs) for the tumor groupand759cRAMs for thenon-neoplastic
group were detected, respectively. Figure 4A displays RAM boundaries on
chr6 for 13 T (tumor) and 13 N (non-neoplastic). In contrast to the non-
neoplastic sample (13N), RAMswithin the 65–75Mb genomic region split
in the tumor sample (13 T).Amongall the cRAMs, 682were sharedbetween
both groups (Fig. 4B). Similar to the previous reports44, the median size of
tumor cRAMs and non-neoplastic cRAMs were around 2.375Mb and
2.25Mb, respectively (Supplementary Fig. 5). In addition to the shared
cRAMs, there were 88 differential cRAM regions undergoing splitting or
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Fig. 1 | Overview of experiments. A Illustration of the experimental process. B Genome browser views of normalized ChIP-seq and RNA-seq signals from representative
tumor and non-neoplastic samples.
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Fig. 2 | Differentially expressed genes and modified epigenetic regions.
AHeatmap for the top-ranked differentially expressed genes (DEGs) between tumor
and non-neoplastic samples. B The over-represented pathways for the top-ranked

DEGs between tumor and non-neoplastic samples.CThe enriched pathways for the
differentiallymodified epigenetic regions (DMERs) for each individual histonemark
(H3K27ac, H3K4me1, H3K4me3, H3K27me3, and H3K9me3).
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merging events, leading to 78 tumor-specific and 77 non-neoplastic-specific
cRAMs, indicating the pathologically relevant chromatin organization
changes (Fig. 4B). To evaluate the functions of these differential cRAMs, we
examined the differential binding signals (H3K27ac,H3K4me1, H3K4me3,
H3K27me3, H3K9me3 and gene expression) within them. Interestingly, 87
out of 88 regions contained differential signals, with 97.8% of them dis-
playing at least two differential signals (Fig. 4C). Figure 4D showed an
example region chr7:34,942,762–35,111,521 (hg19), where the differential
cRAMs region was chr7:34,750,000–407,500,000. In this region, gene
DPY19L1 was observed to be differentially expressed, and multiple
H3K27ac, H3K4me3, and H3K4me1 differentially binding sites were dis-
covered. Figure 4E displayed the pathways in the KEGG and Reactom
databases that were enriched in the histone modification mark and gene
expression signals in the differential cRAMs globally26,45,46. Besides the
common cancer-related pathways in the KEGG database, as shown in
Fig. 2C, other pathways were also observed. For example, H3K27ac,
H3K4me3, and H3K9me3 differential signals in the differential cRAMs
were highly enriched in the ECM-receptor interaction pathway. The fact
that both repressing (H3K9me3) and activating (H3K4me3) marks are
associated with this pathway suggests mixed and context-dependent reg-
ulation of the pathway. ECM pathway and its remodeling by cancer have
been substantiated to be highly associated with cancer cell growth, survival,
and metastasis, and thus it would be a prognostic signature of non-small
lung cancer47–50. In addition, we observed pathways such as “TGFBR1KD
mutants in cancer”, “loss of functionofTGFBR1 in cancer”, “loss of function
of smad2/3 in cancer”, and “signaling by TGF-beta receptor complex in
cancer”, which are critical in cancer development and progress and con-
sidered therapeutic targets in clinical studies51,52. Loss of TGFBR1 or
downstream signaling components disables the tumor-suppressive func-
tions ofTGF-β in early-stage tumors, resulting in uncontrolled proliferation
due to reduced cell cycle inhibition53. Function analysis for EpiSig sections
over the 88 differential cRAMs was displayed in Supplementary Fig. 6.

Gene regulatory network analysis reveals transcription factors
and lncRNAs with altered roles
Finally, to elucidate the underlying regulators for the DEG patterns, we
constructed the gene regulatory network (GRN) analyses for individual

samples by integratingH3K27ac andRNA-seqdatausing theTaiji pipeline5.
Briefly, Taiji predicted transcription factor (TF) binding sites using known
motifs in the active promoter and enhancer regions with H3K27ac marks,
then linked enhancers to their putative interacting promoters as predicted
byEpiTensor54, thenassembled allTF-genepairs into a geneticnetwork, and
finally calculated the PageRank score that reflects the global importance for
every node (TF or gene) in the network (see “Methods”).

By comparing PageRank scores for TFs between tumor and non-
neoplastic groups, we identified 68 differentially-PageRanked TFs
(|log2FC |≧ 0.3, and p-value≦ 0.05 by two-sided Mann–Whitney U test)
(Fig. 5A, B), suggesting shifted global impacts of these TFs5,55. Notably, 9 out
of these TFs belonged to the Zinc-finger protein (ZNF) family, known to
play crucial roles in tumorigenesis and progression56. We successfully
identified the previously verified ZFX57 and ZNF32258, demonstrating the
reliability of our approach. Figure 5C illustrates the over-represented
pathways enriched in the significantly altered TFs. As expected, cancer-
related pathways, including “Transcriptional misregulation activities in
cancers” in the KEGG database, were identified. Additionally, multiple
regulatory activities related to processes such as “SUMOylation” and
“activation of HOX genes” were also involved.

Among the altered transcription factors (TFs) identified by Taiji,
SPDEFexhibited ahigh fold change (FC) of >1.5 (Fig. 5B).Weexamined the
expression level of SPDEF by comparing its TPM in the tumor and non-
neoplastic groups and consistently, SPDEF displayed higher expression in
the tumor samples (Fig. 6A, p-value = 0.00085 byMann–WhitneyU test). A
similar trend was also observed in the comparison of published datasets on
GTEx normal lung tissues, TCGA lung adenocarcinoma, and lung squa-
mous cell carcinoma (Fig. 6A). SPDEFwas reported as a transcription factor
exhibiting higher expression for tumors in the brain, breast, and lung,
compared with the corresponding normal tissues59,60. We investigated
SPDEF’s high-ranking regulatees (Fig. 6B, seeMethods) and also discovered
its local gene regulatory network (Fig. 6C). TheTaiji regulatee analysis offers
a comprehensive insight into various biomolecules (including genes,
snRNAs, and lncRNAs) that play significant roles in lung cancer, even if
their differential expression was not evident in RNA-seq experiments. The
reliability of this method was underscored by the substantial literature
support for more than 77% of SPDEF’s regulatees, highlighting their close

Fig. 3 | EpiSig integrative analysis on the multimodal epigenomic and transcriptomic signals. From left to right: Composition of EpiSig sections; size distribution of
EpiSig clusters; genomic distribution of EpiSig clusters; genomic annotation of EpiSig clusters; EpiSig clusters with DMERs.
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interaction with NSCLC (Fig. 6B). These regulatees encompass a diverse
range of biomolecules, including early-stage biomarkers (ATXN10 61),
validated therapeutic targets (TCP162), small-nuclear RNAs with prog-
nostic potentials (SNORA7B63,64), and genes that control migration and
invasion of NSCLC (SERINC265 and VANGL266). For instance, the long
noncoding RNA (lncRNA) RP11-523H20.367 has been demonstrated to
be related to the proliferation and metastasis of NSCLC. Conversely,

other lncRNAs such as RP11-77P16.4 and RP11-927P21.4 represent
candidates whose roles in lung cancer are yet to be fully studied (Fig. 6B).
RP11-773H22.4 is another promising participant in lung cancer, parti-
cularly notable due to its location within EpiSig Section 2 and the dif-
ferential cRAM. Moreover, long intergenic non-coding RNAs
(lincRNAs) like AC144450.1 can be identified by observing the inte-
grative signals. It has increased H3K4me1 and H3K27ac signals and is

Fig. 4 | Differential regulation-associated modules (RAMs) analysis. A Genome
browser view of RAMs on the chr6 in tumor and non-neoplastic samples. The color
bars show RAM boundaries and the blank spaces in between bars depict RAMs.
B Consensus RAMs (cRAMs) in tumor and non-neoplastic groups. C Differential

epigenetic and expression signals in the tumor or non-neoplastic tissue-specific
cRAMs. D Genome browser view of multiple DMERs with differential cRAM
regions in chr7. E Over-represented pathways in the cRAM regions overlapping
epigenomic or transcriptomic signals.
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located within cancer-specific differential cRAM (Fig. 6B). Pathways that
were associated with NSCLC development were found to be over-
represented by SPDEF regulatees, highlighting their potential relevance
in the disease progression. Specifically, “SUMOylation of ubiquitinyla-
tion proteins” pathway emerged due to the escalated activities of PIAS168,
SEH1L, andNUP3769; and “Regulation of IFN gamma signaling” pathway
for PIAS168, PTPN270, and STAT171 activities (Fig. 6D).

Further examples included SIX172 and TFAP2D73, along with their
regulatees, demonstrating the diverse array of biomolecules identified by the
Taiji analysis that were implicated in NSCLC development and progression
(Supplementary Figs. 7 and 8).

In summary, integrative analysis of significant TFs and their regulatees
using Taiji facilitated the identification of a broad spectrum of biomolecules
(such as early-stage biomarkers and well-studied therapeutic targets), along
with genomic regions of marked with variable features, providing a com-
prehensive view of the regulatory landscape of NSCLC’s driving mechan-
isms.We derived a list of 1414 biomolecules from all sources in our analyses
that might be significant in the NSCLC (Supplementary Data 3). This list is
comprised of genes ranked in the following priority: (1) 96 DEGs (Sup-
plementary Fig. 9), (2) 67 significant TFs (with one additional significant TF
already included in the DEG list), (3) 238 regulatees controlled by multiple
TFs, implying their central positions in the GRN, (4) 488 regulatees within
EpiSig sections which contain multiple representative DMERs, (5) 38 reg-
ulatees within differential cRAM regions, implying that these regions had

H3K27ac peaks that govern the organizations of chromatin activities, and
(6) a total of other 487 strongly altered regulatees with no other obvious
epigenomic signals.

We identified EpiSig clusters harboring the above-mentioned 1414
biomolecules. We sorted out 21 (top 5%) EpiSig clusters containing the
largest number of these targets. These EpiSig clusters comprise a total of
4960 5-kb genomic regions that are the most heavily involved in NSCLC
development (Supplementary Data 4).

Discussion
In thiswork, the applicationof low-input technologies (MOWChIP-seq and
Smart-seq2) enabled the simultaneous and high-quality profiling of five
histone marks and transcriptome using a small quantity of tissue sample
(~20mg). We established a robust and complete workflow for compre-
hensive multiomic characterization of tissue samples, offering a powerful
tool for investigating the epigenomic dynamics associated with lung
tumorigenesis involved in stage I and II tumors.

Previous epigenomic studies on patient-derived tumor samples pri-
marily focused on the open chromatin states8 and active histone
modifications7,12, with limited exploration of repressive histone marks such
as H3K27me3 and H3K9me3 due to technical challenges, although there is
proven significance associated with these marks74 and bivalent domains
characterized byboth active and repressivemarks75. By leveraging low-input
technologies, our study expanded the scope of profiling five histone marks,

C

B

ZN
F354B

KLF17
H

O
XD

10
D

LX
6

AR
ID

3A
H

O
XD

13
ATO

H
7

PR
O

X1
PD

X
1

ISL2
H

O
XA7

PA
X6

H
O

XA4
SR

Y
PA

X3
LH

X
3

FO
XR

2
EM

X1
AR

ID
3B

N
EU

R
O

D
6

FO
XD

1
M

A
FF

D
U

XA
O

N
EC

U
T3

SR
F

IR
X1

TAL1
SM

AD
9

H
O

XA5
FO

XF1
TBX

3
G

ATA6
M

E
IS1

KLF4
SO

X13
M

Y
R

F
BA

C
H

2
SO

X7
BC

L6B
TEA

D
4

KLF13
TBX

22
LB

X1
ZN

F653
H

O
XA3

LH
X

1
ALX4
KD

M
2B

ZBTB14
SP

3
ZN

F610
TFAP2D
ZN

F322
ZN

F267
ZFX
TFAP2C
ZN

F254
SIX

4
SIX

1
R

U
N

X2
SP

D
EF

BA
TF

ZBTB7B
ETV

4
SO

X14
PA

X7
TFEZF1

Lung Adenocarcinoma
Non-neoplastic

Type

UCSD.025.26N
UCSD.025.23N
UCSD.025.27N
UCSD.025.25N
UCSD.025.20N
UCSD.025.7
UCSD.025.14N
UCSD.025.16N
UCSD.025.21N
UCSD.025.17N
UCSD.025.15N
UCSD.025.22N
UCSD.025.24N
UCSD.025.18N
UCSD.025.10
UCSD.025.9
UCSD.025.19N
UCSD.025.13N
UCSD.025.12
UCSD.025.8
UCSD.025.34
UCSD.025.32
UCSD.025.28
UCSD.025.5
UCSD.025.17T
UCSD.025.14T
UCSD.025.4
UCSD.025.18T
UCSD.025.30
UCSD.025.6
UCSD.025.31
UCSD.025.13T
UCSD.025.20T
UCSD.025.16T
UCSD.025.29
UCSD.025.19T
UCSD.025.15T
UCSD.025.33Type

A

4

2

0

-2

Transcriptional misregulation in cancer
Developmental Biology

Regulation of beta-cell development
RNA Polymerase II Transcription

Deactivation of the beta-catenin transactivating complex
Generic Transcription Pathway

Regulation of gene expression in early pancreatic precursor cells
Negative regulation of activity of TFAP2 (AP-2) family transcription factors

Activation of HOX genes during differentiation
Activation of anterior HOX genes in hindbrain development during early embryogenesis

Activation of the TFAP2 (AP-2) family of transcription factors
Gene expression (Transcription)

SUMOylation of transcription factors
Regulation of gene expression in beta cells

Transcriptional regulation by the AP-2 (TFAP2) family of transcription factors
Gastrulation

0 1 2 3 4 5
-log10(FDR)

3.5

3.0

2.5

2.0

1.5

1.0

0.5

0.0
-2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 2.01.5

log2(Fold Change)

-lo
g1

0(
p-

va
lu

e)

ZNF322

SIX1 TFAP2D

SPDEF

PAX7
FEZF1 LHX1

ZFX

PDX1

PROX1

HOXD10NEUROD6
ONECUT3

Tumor
Non-neoplastic

Fig. 5 | Gene regulatory network (GRN) analysis using Taiji. AHeatmap for the transcription factors (TFs) with significantly changed global importance (PageRank score).
B Identification of the differentially PageRanked TFs. C Over-represented pathways for the differentially PageRanked TFs.

https://doi.org/10.1038/s42003-025-07954-8 Article

Communications Biology |           (2025) 8:527 7

www.nature.com/commsbio


Fig. 6 | Regulatee analysis for SPDEF. A Boxplot of SPDEF’s expression levels in
tumor and non-neoplastic samples in this study, normal lung tissue samples from
GTEx (GTEx-LUNG, n = 578), lung adenocarcinoma (TCGA-LUAD, n = 599) and
lung squamous cell carcinoma (TCGA-LUSC, n = 553) samples from TCGA. ****
(p < 0.0001); *** (0.0001 < p < 0.001) by Mann–Whitney U test. B Features and

literature evidence for the complete list of SPDEF’s top regulatee genes. C Graph of
gene regulatory activities between SPDEF and its target genes. Green nodes represent
transcription factors, and blue nodes represent regulatees. Edge color indicates the
difference in edge weights between tumor and non-neoplastic groups. D Over-
represented pathways for SPDEF and its top 20% regulatees.
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including three active marks and two repressive marks, alongside the
transcriptome across all tumor and control samples.

Our comprehensive dataset enabled the segregation of genome-wide
co-modified epigenomic and transcriptomic regions into six distinct sec-
tions, including two repressed ones.While both H3K27me3 andH3K9me3
are repressive marks in nature, H3K9me3 is considered a permanent mark
of repression, whereas H3K27me3 is more temporary76. Our integrative
analysis revealed that H3K27me3 was enriched in Section IV, coupled with
weak H3K4me3 and H3K4me1, making no significant contribution to
cRAMalterations. In contrast, H3K9me3 peaks were enriched in SectionV,
accounting for 31% of differential cRAMs, indicating that chromatin
structure changes in NSCLC extend beyond the single epigenetic mark
modifications. Overall, our results underscore that high-qualitymapping of
both active and repressive marks is important for generating a complete
picture of the epigenetic landscape.

Our H3K27ac maps enabled further analysis of the organizations of
chromosomal activities by examining regulation-associated modules
(RAMs). In this work, we identified 88 differential cRAMs, effectively
summing up the changes in RAMboundaries from tumorigenesis. Notably,
91% of differential cRAMs exhibited enrichment for multiple types of
DMERs and DEGs, highlighting the relevance of the differences between
tumor and non-neoplastic samples. Pathway analysis of sections within
differential cRAMs revealed unique functional roles, including many
cancer-related pathways, underscoring the utility of differential cRAMs in
extracting informative genomic trends. Overall, our findings support the
robustness of RAMs as modules of chromatin organization, with common
patterns observed in cRAMs shared by tumor and non-neoplastic samples,
while pathologically relevant changes are concentrated in differential
cRAMs specific to each sample type. These results demonstrated the
potential of RAMs as a valuable tool for analyzing and comparing epige-
nomic and transcriptomic datasets, providing insights into the underlying
dynamics associated with tumorigenesis44.

Integrating transcriptomic and chromatin organization data, we con-
structed a gene regulatory network (GRN) for each patient sample and
computed the global importance of transcription factors (TFs) by calcu-
lating their PageRank scores, using the Taiji software. Differentially-
PageRankedTFswere analyzed, and their crucial functions in tumorigenesis
were reported. Pathway analysis on these top TFs and their regulatees
revealed common cancer-inducing pathways including “SUMOylation”,
“activation of HOX genes”, and “interferon gamma signaling” pathways,
echoing the findings based on differential cRAManalyses. The validation of
top regulatees, for example, TFs (SPDEF, SIX1, and TFAP2D), further
confirmed the reliability of ourmethod, with over 70% of the selected genes
supported by the literature. Notably, the regulatees encompassed a diverse
range of biomolecules, many of which showed no significant signals from
expression or ChIP-seq experiments alone, highlighting the added value of
our integrative approach.

The significance of our study lies in its contribution to understanding
the complexity of solid tumors, which comprise cancerous and non-
neoplastic cells with diverse roles in tumor development77. Our data
incorporate contributions from various cell types, enabling systems-level
comparison and analyses with direct clinical relevance for patient stratifi-
cation. Overall, our efforts in comprehensive multiomic profiling, particu-
larly involving a large number of histone marks, pave the way for a more
precise understanding of chromatin state dynamics during tumorigenesis,
offering insights into potential therapeutic targets and strategies for cancer
treatment. Themolecular features associatedwithNSCLCdiscovered in this
study will benefit from further confirmation with a large cohort of samples.

Methods
Human frozen lung tissue biopsies
The de-identified human frozen archived non-small cell lung cancer (lung
adenocarcinoma) (N = 18) and non-neoplastic lung biopsies (N = 20) were
obtained from Biorepository & Tissue Technology Shared Resource at
Moores Cancer Center, UC San Diego. UC San Diego and Virginia Tech

IRB office reviewed our study proposal and determined the study status as
“NotHumanSubjects Research”because the sampleswere de-identified.All
the tumor samples were primary lung adenocarcinoma samples in patho-
logical stages I and II (Supplementary Data 1). Eight patients provided both
non-neoplastic and adenocarcinoma tissues. The other tissue samples were
from separate patients. The de-identified frozen samples were sealed in
1.8mL cryovials and safely stored in the liquid nitrogen vapor phase before
epigenetic and transcriptomic profiling experiments.

Isolation of nuclei
Samples were shipped to Virginia Tech on dry ice and stored in a liquid
nitrogen vapor phase until use. Thin slices (~15mg)were cut from the tissue
on dry ice and transferred to a grinder (D9063, Sigma-Aldrich) pre-cooled
on ice. The following steps were performed on ice, and centrifugation was
performed at 4 °C. Three milliliters of ice-cold nuclei extraction buffer
[0.32M sucrose, 5mMCaCl2, 3mMMg(Ac)2, 0.1 mMEDTA, 10mM tris-
HCl, and 0.1%Triton X-100, with 30 µl of PIC (P8340, Sigma-Aldrich), 3 µl
of 100mM PMSF, and 3 µl of 1M dithiothreitol added before use] was
added to the grinder. Tissue was homogenized by slowly douncing 20 times
with pestle A and 30 timeswith pestle B. Crude nuclei was filtered through a
40 µm cell strainer into a 15ml tube to remove debris. The mixture was
centrifuged at 1000 g for 10min. The supernatant was removed, and the
crude nuclei pellet was resuspended in 500 µl nuclei extraction buffer and
transferred to a 1.5 ml tube. 750 µl of 50% iodixanol, 7.5 µl of PIC, 0.75 µl of
100mM PMSF, and 0.75 µl of 1M dithiothreitol were added and mixed by
gently pipetting and then inverting the tube three times. The mixture was
centrifuged at 10,000g for 20min, and the supernatant was removed. The
purified nuclei pellet was resuspended in 200 µl of Dulbecco’s phosphate-
buffered saline (DPBS).

MNase digestion of chromatin
Resuspended nuclei were counted and diluted to 4 × 106/ml. 2 µl of PIC, 2 µl
of 100mM PMSF, and 200 µl lysis buffer [4% Triton X-100, 100mM tris-
HCl, 100mM NaCl, and 30mM MgCl2] were added to 200 µl of nuclei
suspension, mixed by vortexing and incubated at room temperature for
10min. 20 µl of 100mM CaCl2 and 5 µl of 100U MNase (88216, Thermo
Fisher Scientific) were added, mixed by vortexing, and incubated at room
temperature for 10min. 44 µl of 0.5M EDTA was then added, mixed by
vortexing, and incubated on ice for 10min. The mixture was centrifuged at
16,100g for 5min at 4 °C. The supernatant containing chromatin fragments
(~440 μl) was transferred to a new 1.5ml tube and placed on ice. 30 µl of
chromatin solution was used for each ChIP assay.

Preparation of immunoprecipitation beads
50 µl of protein A Dynabeads (10001D, Invitrogen) were used in 10
MOWChIP assays for each tissue sample. Dynabeads were washed twice
with 200 µl of IP buffer (20mM Tris-HCl, pH 8.0, 140mM NaCl, 1mM
EDTA, 0.5mMEGTA, 0.1% (w/v) sodium deoxycholate, 0.1% SDS, 1% (v/v)
Triton X-100) and resuspended in 1.5ml of IP buffer. They were then
divided into 5 equal 300 µl portions in 1.5ml tubes, each containing beads for
2 replicate assays. The following antibodies were added: anti-H3K27ac
(ab4729, Abcam), 0.125 µg/assay; anti-H3K4me1 (39297, Active Motif),
0.5 µl/assay; anti-H3K4me3 (ab8580, Abcam), 0.125 µg/assay; anti-
H3K27me3 (39155, Active Motif), 0.5 µg/assay; anti-H3K9me3 (ab8898,
Abcam), 0.125 µg/assay. Beads were incubated overnight on a rotator at 4 °C.
Beads were washed with 200 µl of IP buffer twice prior to MOWChIP and
resuspended in 10 µl of IP buffer for loading into the device.

MOWChIP
Fabrication of the MOWChIP device, control system setup, and operation
of the device were done following our previously published protocol18.

Purification of ChIP DNA
AfterMOWChIP, IP beads with bound ChIPDNAwere collected from the
device, washed with 200 µl of IP buffer, and resuspended in 200 µl of DNA
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elution buffer (10mM tris-HCl, 50mM NaCl, 10mM EDTA, and 0.03%
SDS). 2 µl of 20mg/ml proteinase K was added and incubated at 65 °C for
1 h. ChIP DNA was extracted and purified by phenol–chloroform extrac-
tion and ethanol precipitation. The air-dried DNA pellet was dissolved in
8 µl of low EDTA TE buffer. Input DNA was prepared by digesting 6 µl of
chromatin solution directly using proteinase K without the ChIP process,
using the same extraction and purification protocol.

ChIP Library preparation, quantification, and sequencing
Libraries were prepared using an Accel NGS 2S Plus DNA library kit (IDT)
following the manufacturer’s protocol with the following modification: 5%
EvaGreen dye (Biotium)was added to the amplificationmixture tomonitor
progress. Amplification was stopped once a 3000 RFU increase from
baseline was observed. The library was eluted to 10 µl of low EDTA TE
buffer and stored at -20 °C. ChIP enrichment of the libraries was quantified
using qPCR (with primers in SupplementaryData 5). Library concentration
was quantified using the Kapa Library Quantification kit (Roche). Libraries
were pooled for sequencing by Illumina HiSeq 4000 in SR75 mode.

RNA-seq
Tissue slices (~5mg) were placed in 200 µl of RNAlater-ICE frozen tissue
transition solution (AM7030,ThermoFisher Scientific)prechilled to -80 °C.
The tissue was transitioned at−20 °C overnight. Each RNA-seq library was
prepared from 10 ng RNA extracted from the tissue. Total RNA was
extracted using RNeasy Mini Kit (74104, Qiagen) and RNase-Free DNase
Set (79254, Qiagen). A reverse transcription reaction was performed fol-
lowing the Smart-seq278 protocol with minormodifications. Extracted total
RNA was resuspended in 4.5 μL of RNase-free water with 5% RNase inhi-
bitor (40 U/μL) added. 2 μL of oligo-dT primer (10 μM), 2 μL of dNTPmix
(10mM) and 4.3 μL of total RNA solution were mixed, incubated at 72 °C
for 3min and immediately put on ice. 1 μL of SuperScript II reverse tran-
scriptase (200 U/μL), 0.5 μL of RNase inhibitor (40 U/μl), 4 μL of Super-
script II first-strand buffer, 1 μL of DTT (100mM), 4 μL of 5M Betaine,
0.12 μL of 1M MgCl2, 0.2 μL of TSO (100 μM), 0.88 μL of nuclease-free
water were added. The reverse transcription (RT) reaction mix was then
incubated at 42 °C for 90min, 10 cycles of 50 °C for 2min, 42 °C for 2min,
and 70 °C for 15min. 25 μL KAPAHiFi HotStart ReadyMix, 0.5 μL IS PCR
primers (10 μM), 2.5 μL Evagreen dye, and 2 μL nuclease-free water were
added. The mixture was amplified with the following program: 98 °C for
1min, 9–11 cycles of 98 °C for 15 s, 67 °C for 30 s and 72 °C for 6min. The
cDNAwaspurifiedusing 30 μLof SPRIselect beads andeluted in 5 μLof low
EDTA TE buffer.

The RNA-seq library was made using tagmentation. 3 μL of home-
made Tn5 was mixed with 3 μL of 50 μM pre-annealed P5/P7 transposon
and incubated at 37 °C for 1 h. Assembled P5 and P7 transposonswere then
mixedwell to formTn5mix. 1 μL cDNA (600 pg) and 1 μL of tagmentation
buffer (TNP92110, Lucigen) were added to 8 μL Tn5 mix, and the mixture
was incubated at 37 °C for 1 h. 1 μL of 10× stop buffer (TNP92110, Lucigen)
was then added to the mixture to quench tagmentation. 11 μL SPRIselect
beads were used to purify tagmented cDNA. The cDNAwas then eluted in
9.5 μLof lowEDTATEbuffer. 25 μLofKAPAHiFiHotStart ReadyMixwas
incubated at 98 °C for 30 s, mixed with 9.5 μL tagmented cDNA and
incubated at 72 °C for 5min. 1.5 μL of 100 μMP5 primer, 1.5 μL of 100 μM
P7 primer, 10 μL nuclease-free water, and 2.5 μL Evagreenwere then added
and amplified with the following program: 98 °C for 30 s; 10–12 cycles of
98 °C for 10 s, 63 °C for 30 s, and 72 °C for 30 s. Amplified cDNA libraries
were purified with 50 μL SPRIselect beads and eluted in 8 μL of low EDTA
TE buffer. Library concentration was quantified using the Kapa Library
Quantification kit (Roche). RNA-seq libraries were sequenced with the
Illumina HiSeq 4000 platform.

RNA-seq data processing
The raw fastq files were trimmed using Trim Galore79 and then aligned
against the hg19 reference genome using the STAR software80. The mean

number of uniquely mapped reads was 11,462,974 for RNA-seq libraries
(Supplementary Data 2). Reads with Q30 were retained for further analysis.
Quality assessment reports for each RNA-seq library were generated using
QualiMap software81. Gene expression for each samplewas quantified using
the featureCounts software82.

Differentially expressed genes (DEGs) between the tumor and non-
neoplastic samples were identified using the DESeq2 package23 in R. A
typical DEG was defined based on a two-fold change in gene expression
levels and an adjusted p-value of≦0.05. For further gene expression analysis,
we applied the regularized log transformation on the read counts using the
DESeq2 package.

ChIP-seq data processing
Raw ChIP-seq data for H3K4me1, H3K4me3, H3K9me3, H3K27ac, and
H3K27me3 were aligned to the hg19 genome using bwa (0.7.17-r1188)83.
After the deduplication step, the uniquely aligned reads with MAPQ≧ 10
were retained for further processing. The mean numbers of uniquely
mapping reads were: 12,191,347 for H3K27ac; 12,151,681 for H3K4me1;
16,998,758 for H3K4me3; 25,536,891 for H3K27me3; and 37,784,615 for
H3K9me3. Narrow peaks (H3K27ac, H3K4me1, and H3K4me3) were
identified using MACS2 (2.2.7.1) with a q-value of ≦0.0584. Broad peaks
(H3K9me3 and H3K27me3) were called using Homer85 findPeaks in his-
tonemode with a p-value of≦0.05. On average, for each sample, there were
90,164 peaks for H3K27ac, 130,793 peaks for H3K4me1, 38,855 peaks for
H3K4me3, 32,444 peaks for H3K27me3, and 54,511 peaks for H3K9me3
(Supplementary Data 2).

Library enrichment and complexity were assessed through quality
control evaluation, including the fraction of reads that fell into peak regions
(FRiP). Replicated peaks were identified by merging peaks from the two
replicates for each sample, where replicated peaks were defined as those
mutually overlapped by at least 50%.

Differentially binding sites for individual histonemarksbetweentumor
and non-neoplastic samples were identified using the DiffBind package
(Version 3.14.0) in R, with the peaks identified with MACS2 (for narrow
peaks) or Homer (for broad peaks) as inputs, and [~TissueType] as design
model where cancerous samples were foreground and normal samples
served as background. A typical differentially binding site was identified
with a false discovery rate (FDR) ≦0.05.

Genome-wide multi-omics clustering analysis by EpiSig
The genome-wide epigenetic signals and gene expressions were clustered
using an unsupervised learning method EpiSig36,37. To ensure compar-
ability across all sequencing data from tumor and non-neoplastic sam-
ples, normalization was performed by adjusting the total sequencing
depth. Regions in the ENCODE blacklist86 were excluded from the
processed data.

The ChIP-seq signals subtracting inputs, and the RNA-seq data were
input into the EpiSig pipeline. The EpiSig algorithm segmented the genome
into 5-kb bins and detected enriched signals within these bins in the whole
genome across histone modifications and gene expressions among all the
samples. The 5-kb bins with similar signal patterns were clustered into
EpiSig clusters. To better interpret the EpiSig cluster outputs, individual
EpiSig clusters were further summarized into large sections using the
K-Means clustering approach, with the optimal value of K determined by
elbow plotting.

Identification of Epi-DMERs
“Epi-DMERs” were identified as DMER loci with differential signals
(H3K27ac, H3K4me1, H3K4me3, H3K27me3, H3K9me3, and RNA-seq)
residing in any of the EpiSig clusters.

Genome-wide annotation of the EpiSig regions
We downloaded CpG, TSSs, 1 kb upstream of TSS, gene exons, intronic
regions, intergenic regions, 3’UTR, and 5’UTRcoordinatefiles for the hg19
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genome from the UCSC genome browser database87. Overlaps between
these regions and the regions in the EpiSig clusters were examined.

Identification of regulatory-associated modules (RAMs) in indi-
vidual samples
H3K27ac narrow-peak densitywas calculated using a slidingwindowwith a
step size of 250 kb and a flanking size of 500 kb for each window in every
sample. The number of common cRAMs plateaus at this step size across
diverse cell types as illustrated in our previous work44. RAM boundaries
(valley/minima on the smoothing curves) and peaks (summit/maxima on
the smoothing curves) were detected using the “findRAM” tool44.

Identification of consensus RAMs (cRAMs)
We first identified RAMs in 20non-neoplastic samples with replicates or 18
tumor samples with replicates, using a step size of 250 kb.We then counted
the percentage of genomic regions identified as RAM boundaries in tumor
or non-neoplastic groups. Regions with a percentage ≧25% were con-
sidered as consensus RAM (cRAM) boundaries in each group respectively.
Since a cRAM was required to span at least 500 kb, cRAM boundaries
located <250 kb apart from each other were merged.

Identification of globally important transcription factors (TFs)
using Taiji
For both tumor and non-neoplastic samples, processed H3K27ac narrow
peaks and raw RNA-seq read counts were used as inputs for the Taiji
software. Promoter-enhancer interactions were predicted as the top 10% of
all contacts identified from EpiTensor54, an unsupervised learning algo-
rithm. Putative TF binding motifs were obtained from the CIS-BP
database88. The Taiji pipeline (v1.3) was executed with default
parameters5. For each transcription factor (TF), We performed
Mann–Whitney U test by comparing its PageRank score between tumor
and non-neoplastic groups to derive a p-value. Subsequently, 68 sig-
nificantly important TFs were identified with |log2FC |≧ 0.3 and p-
value≦ 0.05 in this way (Supplementary Data 3).

Identification of significantly altered target genes (regulatees)
Edges (representing TF→ regulatee) in the gene regulatory networks were
extracted from the Taiji output for each sample.Weak and unreliable edges
werefilteredout if theirweight ranks fell below50%, and thepercentile ranks
of the remaining edges were calculated. Edges that were not consistently
detected in at least five individual samples were considered unreliable and
thus discarded. For each remaining edge, we conductedMann–Whitney U
test by comparing its percentile rank scores between the tumor and non-
neoplastic group to derive a p-value. The edge weight difference was cal-
culated as the mean percentile rank score of the tumor group subtracted
from that of the non-neoplastic group. Edges with p-value≦ 0.05 were
selected, and their corresponding end nodes were identified as the sig-
nificantly altered regulatees. The comprehensive list of all significant reg-
ulatees was provided in Supplementary Data 3.

A comprehensive listing of all promising NSCLC-associated
biomolecules
For genes (biomolecules) identified through any of the methods below:
(1) DEGs, (2) significant TFs, and (3) significant regulatees (top 200 for
each TF, respectively), the following information was annotated: (1)
overlap with all 5 ChIP-seq signals (H3K27ac, H3K4me1, H3K4me3,
H3K27me3, H3K9me3), (2) overlap with EpiSig clusters, (3) overlap with
differential cRAMs, and (4) literature support indicating significance in
lung cancer.

All overlapping steps were achieved with the bedtools89 software,
considering either the gene body or the promoter regions (up to 1 kb
upstream of the TSS). Literature support was categorized into four levels: 0
for no reported evidence, 1 for weaker support indicating general physio-
logical functions, 2 for stronger support implying importance in lung can-
cer; and 4 for solid support for its functions or relationshipwith theNSCLC.

Genes were ranked according to the following priorities: (1) 96 DEGs,
(2) 67 significant TFs, (3) 238 regulatees controlled by multiple TFs,
implying their central positions in theGRN, (4) 488 regulateeswithinEpiSig
sections which contain multiple representative DMERs, (5) 38 regulatees
within differential cRAMregions, implying that these regions hadH3K27ac
peaks that govern the organizations of chromatin activities, and (6) a total of
other 487 strongly altered regulatees (Supplementary Data 3).

The promoter and gene body regions of the above-mentioned 1414
biomolecules were intersected with all EpiSig regions. We selected the top
5% EpiSig clusters with the most overlaps with these biomolecules. This
analysis identified 21 key EpiSig clusters from the 429 clusters, comprising a
total of 4960 5-kbp genomic regions (Supplementary Data 4).

Statistics and reproducibility
Weprofiled de-identifiedhuman frozen archivednon-small cell lung cancer
(lung adenocarcinoma) (N = 18) and non-neoplastic lung biopsies (N = 20).
For each tissue sample, we prepared two replicates of ChIP-seq libraries on
each histone mark, one input ChIP-seq library, and two replicates of RNA-
seq libraries. The statistical standards associated with the bioinformatic
analyses are detailed in the above method description.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The raw epigenomic and transcriptomic data potentially reveal the health,
ancestry, and other personal characteristics of the human donors. Thus
these data require controlled access. The raw ChIP-seq and RNA-seq data
on the human lung tissues were deposited in dbGaP under accession
number phs003113.v1.p1. The processed ChIP-seq and RNA-seq data can
be accessed via Gene Expression Omnibus (GEO) under accession number
GSE230932. The source data for Fig. 6A are provided in Supplementary
Data 6. All other data are available from the corresponding authors upon
reasonable request.

Code availability
All codes are available on GitHub (https://github.com/yyaoisgood2021/
LandscapeLungCancer). A version of the record can be found at Zenodo
(https://zenodo.org/records/14948042).
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