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Abstract
Background  Pulmonary fibrosis is a relentless and ultimately fatal lung disorder. Despite a wealth of research, 
the intricate molecular pathways that contribute to the onset of PF, especially the aspects related to epigenetic 
modifications and chromatin dynamics, continue to be elusive and not fully understood.

Methods  Utilizing a bleomycin-induced pulmonary fibrosis model, we conducted a comprehensive analysis of the 
interplay between chromatin structure, chromatin accessibility, gene expression patterns, and cellular heterogeneity. 
Our chromatin structure analysis included 5 samples (2 control and 3 bleomycin-treated), while accessibility and 
expression analysis included 6 samples each (3 control and 3 bleomycin-treated).

Results  We found that chromatin architecture, with its alterations in compartmentalization and accessibility, is 
positively correlated with genome-wide gene expression changes during fibrosis. The importance of immune 
system inflammation and extracellular matrix reorganization in fibrosis is underscored by these chromatin alterations. 
Transcription factors such as PU.1, AP-1, and IRF proteins, which are pivotal in immune regulation, are associated 
with an increased abundance of their motifs in accessible genomic regions and are correlated with highly expressed 
genes.

Conclusions  We identified 14 genes that demonstrated consistent changes in their expression, accessibility, and 
compartmentalization, suggesting their potential as promising targets for the development of treatments for lung 
fibrosis.
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Introduction
Pulmonary fibrosis (PF) is a type of interstitial lung dis-
ease characterized by the formation of scar tissue in 
the lungs. Although there are over 200 potential causes 
of PF, they primarily fall into four categories: idiopathic 
pulmonary fibrosis (IPF), disease-associated PF, familial 
PF, and exposure-associated PF [1–3]. Moreover, differ-
ent subgroups within each etiology have been identified 
based on the affected genes and inheritance patterns. 
For instance, subgroups can be distinguished between 
individuals with MUC5B mutations and those without 
[4]. Transcriptomic profiles have delineated a Mitogen-
Activated Protein Kinase (MAPK)-active subgroup and 
an immune-active subgroup [5]. Proteomic studies have 
identified subgroups associated with cell differentiation, 
inflammation, and mitochondrial metabolism [6]. Addi-
tionally, gene expression changes related to various 
biological processes such as telomere length [7], immu-
nosuppression [7], oxidative stress [8], and DNA damage 
[9] are considered markers for distinguishing PF sub-
groups. Despite extensive research on the pathogenesis 
of PF, effective treatment options remain elusive.

To better understand the pathogenesis of PF, a vari-
ety of animal models have been established. Each model 
provides a powerful tool for studying certain aspects of 
fibrotic lung disease [10]. The asbestos-induced fibro-
sis model primarily emphasizes epithelial cell injury, 
fibroblast foci, and macrophage oxidative stress [10]. 
The silica-induced fibrosis model mainly manifests as 
partial collagen deposition and macrophage NALP3 
inflammasome activation [10]. The Fluorescein Isothio-
cyanate (FITC) model highlights epithelial injury and 
vascular leakage, while the TGFβ overexpression model 
emphasizes epithelial-mesenchymal transition (EMT) 
in the absence of inflammation [10]. The cytokine over-
expression fibrosis model focuses on the interaction 
between TGFβ and cytokines [10]. Lung injury (acidic or 
hypoxic) fibrosis mouse models are used to study fibrop-
roliferative changes in acute lung injury (ALI) [10]. The 
bleomycin(BLM)-induced murine fibrosis model is the 
most commonly used experimental model for PF [11]. 
This model fully embodies the primary alveolar epithelial 
cell (AEC) injury during fibrosis development [10]. BLM 
directly causes cell damage by inducing DNA strand 
breaks, radical production, and oxidative stress, leading 
to necrosis and/or apoptosis, followed by inflammation 
and fibrosis [10].

Previous establishment of High-throughput chromo-
some conformation capture (Hi-C) methods has aided 
in identifying and visualizing comprehensive whole-
genome chromatin interactions in a three-dimensional 
environment [12, 13], and assay for transposase acces-
sible chromatin with high-throughput sequencing 
(ATAC-seq) methods have helped to identify changes in 

chromatin accessibility sites [14, 15], thereby enabling 
exploration of the three-dimensional genomic structure 
and its impact on gene expression regulation. Numerous 
studies have shown that changes in three-dimensional 
structure, such as the transition between A/B compart-
ments (The A compartment is linked to open chroma-
tin, while the B compartment is tied to closed chromatin 
[13].) and changes in chromatin accessibility [16], con-
trol gene expression and play a key role in biological 
processes such as development, cell differentiation, and 
disease manifestation [17–19]. Epigenetic marks may 
serve as the elusive link between environmental expo-
sures in genetically predisposed individuals and gene 
expression changes consistent with disease progression 
[20–23]. By integrating epigenomic and transcriptomic 
data, researchers can outline the onset and progression 
of various diseases, including non-alcoholic fatty liver 
disease [24] and systemic lupus erythematosus [25]. The 
pathogenesis of PF is influenced by complex interac-
tions between genetic and environmental factors [1, 3]. 
Epigenetic marks are emerging as attractive therapeutic 
targets for PF [21]. Although epigenetic changes during 
the differentiation of normal alveolar epithelial cells have 
been depicted [26], the three-dimensional epigenomic 
landscape of PF in the pathological state remains unclear.

In this study, we conducted a comprehensive multi-
omics analysis of the BLM-induced PF mouse model, 
integrating RNA sequencing (RNA-seq), single cell RNA 
sequencing (scRNA-seq), ATAC-seq, and Hi-C data. Our 
analysis identified fibrosis-specific genes and transcrip-
tion factors (TFs), revealing the regulatory programs 
underlying the pathogenesis of BLM-induced PF. We 
present the first reference-quality functional 3D genomic 
maps of the BLM-induced PF, providing a valuable 
resource for in-depth, genome-wide, multi-omics analy-
sis of any gene loci. These findings contribute to a better 
understanding of the complex specific gene expression 
patterns behind the preclinical model of PF and may 
facilitate the development of new therapeutic strategies 
for this devastating disease.

Methods
Generation of BLM-induced PF in mice
Female C57BL/6 mice, aged 9 to 12 weeks, were procured 
from Veiduolihua Company, Beijing, China. Anesthesia 
was induced in the mice using a 40% isoflurane-oxygen 
mixture administered via inhalation. Subsequently, the 
mice were randomly assigned to treatment groups and 
received an intratracheal instillation of either 1.5 U/kg of 
BLM dissolved in 50 µl of a sterile vehicle or an equiva-
lent volume of 0.9% saline. After 21 days, the mice were 
euthanized by cervical dislocation, and their lungs were 
promptly excised for subsequent histopathological and 
molecular analyses.
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Hi-C library generation and sequencing
For the Hi-C analysis of lung tissue, we utilized samples 
from a total of five mice, comprising two control and 
three BLM-induced fibrosis cases. Approximately 0.5 cm³ 
of lung tissue from each mouse was meticulously dis-
sected using a razor blade. The tissue fragments were 
then fixed and subjected to a 20-minute agitation in 
10  ml of a 1:10 dilution of 10% neutral buffered forma-
lin (Fisher Scientific). Following fixation, formalin was 
neutralized by the addition of 0.1  g of glycine (Sigma-
Aldrich) and an additional 15 min of agitation. The tissue 
samples were subsequently dispatched to Frase Genom-
ics, located in Seattle, WA, for Hi-C library construction 
using their proprietary Mouse Hi-C Kit. Subsequent to 
library preparation, sequencing was performed on an 
Illumina HiSeq 4000 platform.

Hi-C data processing
The initial processing of Hi-C paired-end raw data 
involved the removal of adapter sequences and low-qual-
ity reads using the fastp tool (version 0.24) [27]. Subse-
quently, HiCPro (version 2.7) was employed for mapping, 
processing, and normalization of the data, incorporating 
iterative correction strategies [28]. Reads were aligned 
to the mouse reference genome (mm10) with the bow-
tie2 algorithm (version 2.5.4) [29] To ensure data quality, 
we excluded reads that were indicative of uncut DNA, 
re-ligated fragments, continuous reads, and PCR dupli-
cates. Reads with a mapping quality score greater than 
10 (MAPQ > 10) were utilized to construct the contact 
matrix. Valid read pairs were assigned to bins across 
multiple resolutions, resulting in the generation of raw 
contact matrices at 10, 20, 40, 100, and 200 kilobase (kb) 
binning resolutions. To correct for biases inherent in the 
raw contact matrices, such as those associated with GC 
content, mappability, and effective fragment length, we 
applied Iterative Correction and Eigenvector-based (ICE) 
normalization to the Hi-C data.

Heatmap of chromatin interaction frequency and 
visualization
We combined the Hi-C matrices from our replicate 
experiments using hicSumMatrices. We then normal-
ized and corrected these matrices using hicNormalize 
and hicCorrectMatrix, respectively (version 2.1.1) [30]. 
To visualize the interaction frequencies, we generated 
heatmaps using hicPlotMatrix at a 500-kb resolution, 
which was ideal for examining whole-chromosome or 
whole-genome interactions. To analyze the differences in 
interaction frequencies between our control and fibrosis 
samples, we used hicCompareMatrices to determine the 
log2 ratios of the interaction frequency matrices [30].

Analyses of A and B compartments
The analysis of A and B chromatin compartments fol-
lowed the approach of Wang et al. [16]. Tag directories 
were created using HOMER (version 5.1) [31], and dupli-
cate read pairs were removed. To filter out reads that 
could artifactually represent contiguous genomic seg-
ments or result from re-ligation and self-ligation events, 
as well as those from high-density regions. Subsequently, 
the valid contact read pairs were processed to deter-
mine PC1 values for the active and inactive compart-
ments using a 40  kb resolution, with an 80  kb window 
applied for smoothing or aggregating the data. A to B 
compartments were identified using the hicpca.pl func-
tion in Homer software, with significance calculated by 
getDiffExpression.pl. Significance was determined by an 
adjusted p-value < 0.05. Contiguous regions of interest 
were identified by stitching together individual regions 
exceeding significance threshold.

Processing of ATAC-seq dataset
The data were processed with the PEPATAC pipeline 
using default settings (version 0.11.3) [32]. Briefly, the 
reads were trimmed using Skewer (version 0.2.2) [33], 
and following the exclusion of reads that mapped to 
mitochondrial and mouse repeat regions, they were 
aligned to the mm10 mouse genome using Bowtie2 
(version 2.5.4) [29]. PCR duplicates were removed, and 
peaks were called using MACS2 (version 2.2.9). Librar-
ies with TSS enrichment scores below 6 million or fewer 
than 10 million aligned reads were excluded from further 
analysis. A consensus peak set was then created by merg-
ing peaks across all samples, and a peak count matrix was 
generated for each individual sample. Subsequently, dif-
ferential analysis of the consensus peaks was conducted 
using DESeq2 (version 1.46) [34], and for peaks with 
significant differences, annotation was performed using 
Homer’s annotatePeaks function.

Bulk RNA sequencing and data analysis
RNA extraction from whole lung tissues was conducted 
using the Qiagen RNeasy® Mini Kit (#74104), adhering to 
the manufacturer’s recommended protocols. Following 
extraction, the RNA was enriched for poly-A-containing 
transcripts and subjected to sequencing of the entire 
mRNA fraction on the Illumina HiSeq 4000 platform. The 
next-generation sequencing reads from the bulk RNA of 
whole lung tissue were aligned to the mouse reference 
genome mm10 with the STAR aligner [35]. Read count 
summarization was conducted using the featureCounts 
tool [36], and the differential gene expression analysis 
of the bulk lung tissue samples was performed using the 
DESeq2 package in R (meeting the criteria|Log2FC| > 1 
and P value < 0.05) [34].
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Enrichment analysis
Biological pathway enrichment analysis for gene lists was 
performed using EnrichR [37] accessed via the enrichr 
functionality within the gseapy package [38]. To assess 
the activation of hallmark pathways and fibrosis related 
pathway activations, hallmark and ontology gene sets 
were retrieved from the Molecular Signatures Database 
(MSigDB) version 7.2, provided by the Broad Institute 
[39]. Inference of TF activity from our RNA-seq data was 
performed using the decoupleR package (version 2.10.0) 
[40]. PROGENy model was used to pathway activity 
inference [41].

Integrated analysis of ATAC-seq and RNA-seq data
To assess the influence of chromatin accessibility on tran-
scriptional activity, we conducted a integrative analysis 
of ATAC-seq and RNA-seq data. Differential log2 fold 
changes in normalized read counts derived from ATAC-
seq and RNA-seq experiments for each experimental 
condition were correlated by aligning the transcription 
start site (TSS)/promoter regions annotated from ATAC-
seq peaks to their respective RNA-seq gene annota-
tions. For subsequent comparative analysis, ATAC-seq 
peaks and RNA-seq genes with a statistical significance 
of adjusted p-value < 0.05 were graphically represented 
in relation to each other to elucidate the correlation 
between regions of differential chromatin accessibility 
and genes exhibiting differential expression.

Statistical analysis and data visualization
Bioinformatics analyses for this study were predomi-
nantly conducted using R software (version 4.2) and 
Python (version 3.9). The Wilcoxon rank-sum test was 

employed as the default method to evaluate the sig-
nificance of differences in paired comparisons, unless 
indicated otherwise. Statistical evaluations and graphi-
cal representations were performed using these com-
putational tools. The Spearman correlation coefficient 
was utilized to assess correlations between two condi-
tions. Analysis outcomes included the calculation of fold 
changes, p-values, and adjusted p-values. The following 
criteria were applied to denote statistical significance for 
all quantitative data: *p < 0.05, **p < 0.01, ***p < 0.001, and 
****p < 0.0001.

Result
Pathological characteristics of BLM-induced model of lung 
fibrosis
BLM-induced fibrosis in mouse models is widely recog-
nized as the gold standard in preclinical studies due to 
its histological similarities to human lung fibrosis [11, 
42]. Consequently, we have chosen to dissect the epig-
enomic and chromatin dynamics of this model to gain 
a deeper understanding of the molecular mechanisms 
underlying fibrotic progression. The histopathological 
assessment revealed that the BLM-treated mice exhibited 
marked alterations in lung architecture, characterized by 
increased collagen deposition and fibroblast prolifera-
tion, as evidenced by hematoxylin and eosin (H&E) and 
Masson’s trichrome staining. These findings were further 
corroborated by microcomputed tomography (Micro-
CT) imaging, which provided a three-dimensional visu-
alization of the lung structure, clearly delineating the 
decrease of aerated lung compartments and increase 
of dense fibrotic tissue (Fig.  1A). Our results indicated 
a significant increase in hydroxyproline levels in the 

Fig. 1  Pathological characteristics of BLM-induced model of lung fibrosis. (A) Representative H&E, Masson-stained lung sections and micro-CT images 
at d21 after BLM. More collagen deposition/fibrosis in the pulmonary parenchyma was found in the BLM-treated mice. (B) Right lung hydroxyproline 
contents. (C) white blood cell count in BALF
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Fig. 2 (See legend on next page.)
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BLM-treated group compared to the controls, confirming 
the presence of excessive collagen accumulation (Fig. 1B). 
Furthermore, we assessed the inflammatory component 
of the disease by analyzing the proportion of inflamma-
tory cells in the bronchoalveolar lavage (BAL) fluid. The 
findings revealed an elevated percentage of inflamma-
tory cells, including neutrophils and macrophages, in the 
BAL of BLM-treated mice, suggesting an ongoing inflam-
matory response that contributes to the fibrotic process 
(Fig. 1C).

Mapping 3D chromatin conformation and identification of 
alternations in A/B compartment in BLM-induced PF
In order to investigate the alterations in chromatin archi-
tecture associated with BLM-induced lung fibrosis, 
Hi-C libraries were generated from three independent 
biological replicates of BLM-treated mice and two rep-
licates of control mice. After stringent sequence quality 
filtering, approximately 119 million and 228 million valid 
contacts were obtained from the BLM-treated and con-
trol samples, respectively (Figure S1A). Within the Hi-C 
libraries, we observed no significant difference in the 
number of cis- and trans-interactions between the PBS 
and BLM groups. The ratio of cis- to trans-interactions 
indicated that approximately three-quarters of the inter-
actions occurred within chromosomes, while the remain-
ing quarter involved interactions between chromosomes 
(Figure S1B).

Heatmaps were utilized to represent the normalized 
Hi-C contact matrices, with each chromosome being 
compared to another. In these visualizations, a deeper 
shade of red denotes a greater frequency of interactions, 
whereas white regions imply a decreased frequency of 
such interactions (Fig.  2A-B). This analysis highlighted 
a pronounced prevalence of intra-chromosomal inter-
actions over inter-chromosomal interactions (Fig.  2A-B 
and Figure S1B), echoing the established concept of 
“chromosome territories” observed in previous Hi-C 
data and chromosome imaging investigations [13]. The 
alternating pattern of high and low interaction frequen-
cies across the heatmap suggests the existence of distinct 
chromatin compartments, likely corresponding to active 

(A) and inactive (B) chromatin in both the control and 
fibrosis groups (Fig.  2A, B). This compartmentalization 
reflects the functional organization of the genome, with 
active regions being more transcriptionally active and 
accessible.

We identified differences in interaction frequency 
between specific chromosome loci, as evidenced by color 
changes in the heatmap from blue in the control group 
to light red in the fibrosis group, indicating closer prox-
imity and stronger interactions between these loci in the 
fibrosis group (Fig. 2C). Notably, the intra-chromosomal 
interaction matrices displayed a clear shift in interaction 
patterns, particularly evident in chromosome 9, demon-
strating that BLM treatment can indeed alter chromatin 
compartmentalization (Fig. 2C).

The analysis of interaction matrices at a genome-wide 
level, contrasting the PBS and BLM groups, revealed a 
spectrum of changes in the interactions and compart-
mentalization of chromosomes. To gain further insights 
into the compartment switching associated with BLM-
induced fibrosis, we classified the genome into A and B 
compartments at 40-kb and 80-kb resolutions. Princi-
pal component analysis (PCA) revealed distinct differ-
ences in eigenvalues between control and fibrosis groups, 
with samples clustering into two separate groups (Figure 
S1C). A total of 305 genomic regions were identified that 
switched from A compartments in the control samples to 
B compartments in the fibrosis samples, with chromo-
some 15 showing the highest number of these transitions 
(Fig.  2D, E). Conversely, 264 genomic regions exhibited 
the opposite switch from B compartments in the PBS 
group to A compartments in the BLM group, with the 
highest number of switches occurring on chromosome 
6 (Fig. 2D, F). We also identified 10 contiguous genomic 
regions that switched from A compartments to B com-
partments and 5 contiguous regions that switched from B 
compartments to A compartments (Fig. 2G, H).

Further analysis revealed that 172 genes (133 protein-
coding genes) transitioned from A compartments to 
B compartments, while 196 genes (154 protein-coding 
genes) transitioned from B compartments to A compart-
ments during BLM-induced lung fibrosis (Figure S1D). 

(See figure on previous page.)
Fig. 2  BLM-induced alterations in 3D chromatin architecture and compartmentalization in lung fibrosis. (A,B) Detailed heatmaps illustrating all-by-all 
chromatin interactions across the genome at a 500-kilobase resolution were produced for the control (A) and fibrotic (B) conditions. Chromosomes are 
displayed in numerical sequence from left to right and top to bottom, alongside a color scale representing the frequency of Hi-C interactions. The lower 
sections offer zoomed-in perspectives of chr9 at a 500-kb resolution, matching the upper sections. (C) The heatmap spans the entire genome, showcas-
ing the log2 ratio comparisons of Hi-C interaction frequencies at a 500-kilobase resolution in fibrosis as opposed to the parental control. The log2 ratio 
values are indicated by the color gradient. The lower section of the image provides a zoomed-in perspective of chr9 at a 500-kb resolution, mirroring the 
area highlighted in the upper section. (D) The scatter plot showcases the transition rates of AB compartments between BLM and PBS treatments. The 
horizontal axis marks the discrepancies in conversion rates, and the vertical axis represents the log10(adjusted p-value). The data points are distinguished 
by color, with blue indicating BLM and red signifying PBS. (E, F) Histograms illustrate the distribution of BLM (blue) and PBS (red) across individual chromo-
somes. Each bar indicates the occurrence frequency of BLM versus PBS for a specific chromosome, with the x-axis showing chromosome number and the 
y-axis depicting the number of instances. (G-H) A representative image from the Integrated Genome Browser (IGV) illustrates the compartmentalization 
of chromosome 15 or 7, with open A-type compartments in red and closed B-type compartments in blue. Regions demonstrating stable (light shading) 
and differential (dark shading) compartmentalization are highlighted for clarity
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Genes transitioning from B to A compartments were 
enriched in pathways related to stimulus response, signal 
transduction, amino sugar metabolism, immune system 
processes, and biological regulation (Figure S1E). Con-
versely, genes transitioning from A to B compartments 
were enriched in pathways related to cell adhesion and 
junctions, development and morphogenesis, signaling 
and regulation, cell regulation and differentiation, and 
vasculature development (Figure S1E).

ATAC-seq identifies differential chromatin accessibility in 
lung fibrosis
Chromatin remodeling plays a crucial role in coordinat-
ing gene transcription, prompting us to analyze chro-
matin accessibility in lung tissues from control and 
BLM-induced lung fibrosis mice using ATAC-seq.  We 
obtained a total of 900,292,308 raw reads, which were fil-
tered to yield 900,223,486 cleaned reads. Notably, > 82% 
of these reads mapped to the mouse reference genome 
(Figure S2A-C, Table S1). The libraries presented mul-
timodal fragment length distributions, including both 
nucleosome-free and mononucleosome fragments, a 
signature of open chromatin (Figure S2D, Table S1). We 
identified 97,344 ATAC-seq peaks from the samples, pri-
marily enriched 3  kb upstream and downstream of the 
transcription initiation site, indicating that open chro-
matin regions contribute to transcriptional regulation 
(Figure S2E, F). Additionally, 34,276 ATAC-seq consen-
sus peaks were identified and distributed across all chro-
mosomes (Fig. 3A). The genome-wide distribution of the 
consensus peaks revealed a predominant localization in 
promoter and intron regions (Fig. 3B), suggesting poten-
tial involvement in gene expression regulation through 
interaction with transcription start sites or long-range 
regulatory elements.

After performing dimension reduction using PCA, 
we observed the first principal component separated 
BLM and PBS samples (Fig. 3B-C), indicating data suit-
ability for bioinformatic analysis. This analysis identi-
fied 1300 differentially accessible chromatin regions 
(DARs) with adjusted p-value < 0.05. Among these, 48% 
(620) exhibited reduced accessibility, while 52% (680) 
displayed increased accessibility in fibrosis compared 
to control (Fig.  3E, S2G). Strikingly, 65% of DARs were 
located within intragenic and intergenic regions, with 
approximately 35% found within promoters or untrans-
lated regions (UTRs) (Fig.  3F, S2H). This suggests that 
these specific open regions may regulate gene expression 
at various stages by influencing either the gene body or 
promoter region. For example, Mmp19 exhibited signifi-
cantly increased peak intensity in BLM group, with chro-
matin accessibility within its promoter region playing 
a crucial role in fibrogenesis [43] (Fig.  3G). In contrast, 
Bmp4, which promotes epithelial cell differentiation 

[44], showed a specific peak in control, with significant 
changes in chromatin accessibility within its gene body 
(Fig. 3H).

Pathway enrichment analysis of the 1300 DAR-related 
genes revealed that BLM treatment significantly upregu-
lated chromatin accessibility of genes involved in TNF-
alpha signaling via NF-kB, inflammatory response, IL-2/
STAT5 signaling, cytokine production, p53 pathway, 
hypoxia, adipogenesis, and apoptosis (Fig.  3I). Con-
versely, BLM downregulated chromatin accessibility of 
genes related to signal transduction, pluripotency of stem 
cells, receptor Ser/Thr kinase signaling, RAC1 GTPase 
cycle, signaling by NOTCH1, TGF-beta signaling path-
way, signaling by RTK, integration of energy metabolism, 
and Wnt signaling pathway (Fig. 3J).

To identify potential lung TFs of fibrosis-associated 
chromatin alterations, we performed motif enrichment 
analysis on the ATAC-seq datasets using Homer. This 
analysis revealed significant enrichment of motifs associ-
ated with AP-1 family members (Fosl2 and Atf1), inter-
feron regulatory factor 4 (IRF1), nuclear factor kappa B 
(NF-kB), and Spi-B Transcription Factor (Spi-1/PU.1 
Related/SpiB) in the BLM group (Fig.  3K). Conversely, 
motifs associated with TFs such as Sp1, NFYC, Foxj2, 
NFY, ZNF263, and ZNF711 were significantly enriched 
in the control group (Fig. 3L).

RNA-seq analysis identifies transcriptional signatures in 
the fibrotic lungs
To investigate gene expression patterns associated with 
BLM-induced lung fibrosis, we performed RNA-seq 
analysis on lung tissues from control and fibrosis groups 
at two time points, with three biological replicates per 
group. After processing, 668 million cleaned reads were 
retained, with over 94% achieving a Q30 quality score, 
indicating high data quality. The RNA-seq data shows 
that 95.4–96.9% of reads were aligned to the mm10 ref-
erence genome, as detailed in Table S2. PCA revealed 
distinct clustering of samples from the two groups, indi-
cating significant differences in gene expression pat-
terns (Fig.  4A). Correlation analysis further confirmed 
high similarity within each group (Fig.  4B). Using a 
general threshold of|log2 Fold change| ≥ 1 and adjusted 
p-value < 0.05, we identified 926 differentially expressed 
genes (DEGs), including 573 up-regulated genes and 353 
down-regulated genes (Fig. 4C).

Our pathway enrichment analysis showed BLM treat-
ment upregulates immune-related pathways, includ-
ing “Neutrophil Degranulation” and “Innate Immune 
System,” suggesting immune response disruption. It 
also induces “Epithelial Mesenchymal Transition” and 
impacts “Extracellular Matrix Organization,” affect-
ing cell behavior and tissue homeostasis (Fig. 4D). BLM 
treatment reduced pathways like “Salivary secretion” and 
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Fig. 3  The landscape of chromatin accessibility in normal and fibrotic mouse lung. (A) Genome-wide ATAC-seq consensus peaks in lung tissues. Each 
column represents one peak. The color represents the intensity of chromatin accessibility (red/more accessible and blue/less accessible). (B) Genomic 
distribution of consensus peaks across all samples. (C) Principal component analysis (PCA) of accessible loci as determined by ATAC-seq from control and 
fibrotic mice, either Sham operated and 21 days after intratracheal BLM delivery. Each dot represents an individual mouse. (D) Boxplots display principal 
component two across PBS samples (orange) and BLM samples (blue) for the study. (E) Volcano plot, visualizing the statistical difference of the differen-
tially accessible regions. (F) Genomic distribution of differentially accessible regions between control and BLM-induced fibrotic mice. (G-H) Visualization 
of chromatin accessibility region of Mmp19 (G) and Bmp4 (H) in control and BLM-induced fibrotic mice. (I-J) Pathway enrichment analysis of differentially 
accessible regions between control and BLM-induced fibrotic mice. (K-L) De novo DNA motif analysis of differentially accessible chromatin sites between 
control and BLM-induced fibrotic mice
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Fig. 4 (See legend on next page.)
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“Surfactant Metabolism Diseases,” indicating suppression 
of secretion and metabolic functions. Alterations in path-
ways like “cGMP-PKG signaling” highlight the intricate 
effects of BLM on cellular signaling (Fig. 4E).

To enhance the robustness of pathway enrichment 
analyses, we applied a multivariate linear model (MLM) 
incorporating pathway-specific gene weights from the 
PROGENy database [41]. We observed the activation of 
several immunologically relevant pathways in response 
to BLM treatment, including the TNFα, NFκB, and JAK-
STAT signaling pathways (Fig. 4F). Within the TNF sig-
naling cascade, key effectors such as TNF Alpha Induced 
Proteins (Tnfaip3), chemokines (Cxcl1 and Cxcl2), 
and proteases (Mmp12 and Ctss) exhibited significant 
upregulation following BLM exposure (Fig.  4G). The 
TGFβ pathway was substantially activated, leading to a 
marked increase in the expression of extracellular matrix 
genes, such as Fn1 and Col1a1 (Fig. 4H). In addition to 
validating the results obtained from traditional pathway 
enrichment analysis, the MLM further expanded our 
understanding of the molecular pathways implicated in 
BLM-induced lung fibrosis. Notably, the WNT pathway, 
which is known to regulate stem cell proliferation, as well 
as the VEGF and hypoxia pathways, which are crucial for 
angiogenesis, were identified as prominently activated in 
response to BLM treatment (Fig. 4F).

To further investigate the functional implications of the 
DEGs, we performed gene set enrichment analysis using 
the Hallmark gene sets from the MsigDB database [39]. 
This analysis revealed significant enrichment of pathways 
related to epithelial-to-mesenchymal transition (Fig.  4I-
J), JAK-STAT signaling, angiogenesis, hypoxia, TNFα 
signaling, inflammatory response, apoptosis, and WNT 
signaling (Fig.  4I). These findings were in concordance 
with the results of our pathway enrichment analysis.

Transcriptome data can also be utilized to infer TF 
activity. Using the univariate linear model in the Collec-
TRI network [45], we predicted the enrichment scores of 
TFs and identified the top 30 active TFs, with 29 of them 
significantly activated following BLM treatment (Fig. 4K). 
Notably, the TFs exhibiting significant activation were 
consistent with those identified by motif enrichment 

analysis of ATAC-seq data, further validating our find-
ings. The activated TFs included members of the AP-1 
family (Jun, Fos, Jund, Fosb, Fosl2, etc.), Spi1 (Sfpi1), inter-
feron regulatory factors (Irf8), PU.1-related factors (Spic), 
members of the Maf TF family (Mafb), ETS TF family 
members (Ets1, Ets2), hypoxia-associated factors (Hif1a), 
and TGFβ-associated factors (Smad4), among others 
(Fig.  4K). The regulatory interactions network revealed 
that Spi1 and Jun collaborate to regulate the expression 
of Fn1 and promote the expression of Csf1r in monocytes 
and Itgax, a marker of interstitial macrophages, suggest-
ing the generation of monocyte-derived macrophages. 
Additionally, Mafb, Jun, and Spic collectively enhance the 
gene expression of Mmp12, with Jun regulating Col3a1 
and Mafb regulating Mmp3 and Mmp13, highlighting the 
crucial role of matrix remodeling in the context of BLM-
induced lung fibrosis (Fig. 4L).

Integrated analysis of gene expression, chromatin 
accessibility and chromosome conformation data
While the switch from A to B compartment in certain 
genomic regions was evident following BLM treatment, 
this compartmental reorganization did not correlate sig-
nificantly with ATAC-seq measured tag density (Fig. 5A-
B). The analysis of transcriptomes showed that the 
majority of DEGs within genomic regions shifted from 
the B to A chromatin compartment were predominantly 
upregulated, with significant higher log2 fold changes. 
Conversely, DEGs in genomic regions changed from A to 
B were mainly downregulated (Fig. 5C). Additionally, the 
expression of DEGs within compartments undergoing 
transition was observed to be positively correlated with 
the direction of the switch. In fibrosis, gene expression 
levels in compartments transitioning from state B to A 
were significantly higher in the BLM group compared to 
the PBS, with a median increase of 0.31 (BLM: 9.64, PBS: 
9.33) and a mean increase of 0.22 (BLM: 8.50, PBS: 8.28). 
Conversely, for regions transitioning from state A to B, 
the BLM group exhibited lower expression levels than 
PBS, with a median decrease of 0.01 (BLM: 8.09, PBS: 
8.10) and a mean decrease of 0.20 (BLM: 7.45, PBS: 7.65).

(See figure on previous page.)
Fig. 4  RNA-seq analysis identifies unique transcriptional signatures in lungs of BLM-induced fibrotic mice. (A) Principal components analysis (PCA) of 
RNA-seq data from control and BLM-induced fibrotic mice. (B) Spearman correlation heatmap across all samples. (C) Volcano plot, visualizing the statisti-
cal difference of the differentially expression regions. (D-E) Pathway enrichment analysis of differentially expression regions between control and BLM-
induced fibrotic mice. (F) Pathway activity inference of differentially expression regions between control and BLM-induced fibrotic mice. The observed 
activation of TNFa (G) and TGFb (H) is due to the fact that majority of its target genes with positive weights have positive t-values (1st quadrant), and the 
majority of the ones with negative weights have negative t-values (3d quadrant). (I) The dotplot illustrates the combined score and corresponding odds 
ratio for various signaling pathways, with a color gradient indicating the adjusted p-value. Yellow dots represent higher scores and odds ratios, while black 
dots indicate lower scores and ratios. (J) This GSEA plot presents a gene set enrichment analysis for the term “EPITHELIAL_MESENCHYMAL_TRANSITION,” 
focusing on the enrichment score and ranked metric across different ranks. The enrichment score shows a significant peak at the beginning, indicating 
high enrichment. (K) The barplot illustrates the activity levels of transcript factor in response to BLM, with each column representing a different transcript 
factor and each row indicating the activity level. Higher activity level is represented by red, while lower activity level is depicted in blue. (L) The TF-Gene 
co-regulatory network for Spi1, Spic, Jun and Mafb
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Fig. 5  Integrated analysis of gene expression, chromatin accessibility and chromosome conformation data. The profiles showing the normalized ATAC-
seq tag density surrounding the center of the regions of A to B (A) and B to A (B) across a genomic window of ± 2 kb in mice with BLM-induced fibrosis, 
contrasted with the control. (C) The violin plot represents the log2 fold change (FC) between fibrosis and control for DEGs situated in regions associated 
with diverse compartmental switch categories. (D-E) Violin plot shows the expression levels [log2(FPKM + 1)] of DEGs found in regions associated with dif-
ferent compartmental switch categories. (F-G) Profiles illustrate the pattern of average PC1 values, as determined by the HOMER software (version 4.10), 
in the vicinity of the central areas of hyper- and hypo-accessible regions across a genomic span of ± 100 kb in BLM-induced fibrotic mice, contrasted with 
the control. (H) Scatter plot shows the correlation between the accessibility of chromatin and the expression of genes. ATAC-seq peaks with an adjusted 
p-value < 0.05 and genes found by RNA-seq with an adjusted p-value < 0.05 were plotted to analyze the variations in accessible peaks and gene expres-
sion. (I) Violin plot shows the log2 fold change (FC) between fibrosis and control for DEGs situated in regions linked to distinct accessible peaks. (J-K) 
Violin plot shows expression level [log2(FPKM + 1)] of DEGs residing at regions for different accessible peaks. (L-M) Profiles illustrate the distribution of 
average PC1 values surrounding the center of upregulated or downregulated genes across a genomic window of ± 100 kb in BLM-induced fibrotic mice 
compared to control. (N-O) The profiles present the normalized ATAC-seq tag density surrounding the center of the DEGs across a genomic window of 
± 2 kb in BLM-induced fibrotic mice compared to control. (P) Venn diagram illustrates the distribution of gene categories in three different omics datasets. 
The overlapping areas represent genes common to multiple omics datasets, while distinct areas indicate unique genes within each dataset
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Our research exhibited that the mean PC1 values 
adjacent to regions of heightened chromatin accessibil-
ity were significantly elevated in the fibrosis group com-
pared to the control group. Conversely, for regions with 
decreased chromatin accessibility, the average PC1 values 
were lower in fibrosis compared to the control (Fig. 5F-
G). We investigated whether changes in gene expres-
sion during fibrosis were directly caused by changes in 
chromatin structure that could impact transcription. 
By comparing gene expression (using RNA-seq with a 
cutoff of adjusted p < 0.05) with chromatin accessibil-
ity (using ATAC-seq with a cutoff of adjusted p < 0.05), 
we found that there was a moderate correlation between 
the changes in chromatin accessibility and gene expres-
sion (with a Spearman correlation coefficient of R = 0.63) 
(Fig.  5H). It demonstrated that the majority of DEGs 
located in hyper-accessible regions were up-regulated. 
Conversely, DEGs situated in hypo-accessible regions 
were mostly down-regulated (Fig.  5I). Additionally, the 
analysis revealed that the pattern of gene expression 
alterations within the DARs aligned positively with the 
direction of accessibility changes. Genes within the more 
open regions in fibrosis exhibited a marked elevation in 
expression relative to the control, with a reciprocal pat-
tern observed in less open regions (Fig. 5J-K). The find-
ings indicated a positive correlation between the level of 
chromatin accessibility and the expression of the related 
genes (p-value = 2.85e-53).

We further explored the chromatin structural activity 
and accessibility surrounding DEGs in response to BLM 
treatment. Intriguingly, among the 573 genes upregulated 
by BLM, the average PC1 value in the BLM group was 
significantly higher than that in the saline group (Fig. 5L), 
suggesting enhanced structural activity in these regions. 
Conversely, the average PC1 value was significantly lower 
in the BLM group compared to the saline group for the 
353 downregulated genes (Fig.  5M), indicating reduced 
structural activity. However, ATAC-seq tag density, a 
measure of chromatin accessibility, did not show a con-
sistent trend of difference between the BLM and saline 
groups for these DEGs (Fig. 5N-O).

To further delineate the interplay between chromatin 
compartmentalization, accessibility, and gene expression 
in the context of lung fibrosis, we sought to identify genes 
with coordinated alterations in all three aspects. By inter-
secting DARs and DEGs with regions exhibiting com-
partment switching, we identified 14 genes with robust 
multi-omics support (Fig. 5P; Table 1). These genes rep-
resent potential regulatory hubs in BLM-induced lung 
fibrosis.

Cell-specific expression profiles of 14 genes identified by 
multi-omics
To link the identified genes to specific cell types and 
pathogenic mechanisms, we re-analyzed scRNA-seq data 
from control and fibrotic mouse lungs [48]. Quality met-
rics, including unique molecular identifier (UMI) counts, 

Table 1  The 14 genes with concordant multi-omics support at the levels of differential expression, chromatin accessibility and 
chromatin structure
Ensembl Symbol HiC-seq ATAC-seq RNA-seq Description

Compart-
ment switch

log2FC adjusted 
p-value

log2FC adjusted 
p-value

ENSMUSG00000039607 Rbms3 A to B -1.023 0.013 -0.817 3.80E-07 RNA binding motif, single stranded interact-
ing protein

ENSMUSG00000054263 Lifr A to B -0.924 0.002 -0.453 0.0005953 LIF receptor alpha
ENSMUSG00000030020 Prickle2 A to B -0.818 0.008 -0.709 9.37E-10 prickle planar cell polarity protein 2
ENSMUSG00000045095 Magi1 A to B -0.767 0.046 -0.579 0.0002935 membrane associated guanylate kinase, WW 

and PDZ domain containing 1
ENSMUSG00000022656 Nectin3 A to B -0.723 0.001 -0.718 5.32E-05 nectin cell adhesion molecule 3
ENSMUSG00000052534 Pbx1 A to B -0.655 0.010 -0.501 3.21E-06 pre B cell leukemia homeobox 1
ENSMUSG00000025576 Rbfox3 B to A -1.041 0.017 -1.047 1.70E-06 RNA binding protein, fox-1 homolog (C. 

elegans) 3
ENSMUSG00000032265 Tent5a B to A 0.799 0.016 0.567 1.21E-05 terminal nucleotidyltransferase 5 A
ENSMUSG00000032265 Tent5a B to A 0.679 0.035 0.567 1.21E-05 terminal nucleotidyltransferase 5 A
ENSMUSG00000032265 Tent5a B to A 0.614 0.042 0.567 1.21E-05 terminal nucleotidyltransferase 5 A
ENSMUSG00000030657 Xylt1 B to A 0.674 0.044 1.089 2.38E-16 xylosyltransferase 1
ENSMUSG00000040537 Adam22 B to A 0.691 0.024 -0.516 0.0023677 a disintegrin and metallopeptidase domain 22
ENSMUSG00000040537 Adam22 B to A 0.757 0.031 -0.516 0.0023677 a disintegrin and metallopeptidase domain 22
ENSMUSG00000074802 Gas2l3 B to A 0.808 0.022 1.295 2.92E-13 growth arrest-specific 2 like 3
ENSMUSG00000055435 Maf B to A 0.883 0.044 0.464 5.78E-06 MAF bZIP transcription factor
ENSMUSG00000027009 Itga4 B to A 1.048 0.002 0.304 0.018377 integrin alpha 4
ENSMUSG00000003882 Il7r B to A 1.241 0.003 0.699 4.47E-08 interleukin 7 receptor
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detected genes per cell, and reads aligned to the mouse 
genome, were comparable across samples. However, the 
initial Uniform Manifold Approximation and Projection 
(UMAP) map revealed batch effects, with samples clus-
tering by mouse rather than cell type (Figure S3A). After 
accounting for these batch effects, unsupervised cluster-
ing identified 23 distinct clusters corresponding to 20 
major cell types, encompassing epithelial, endothelial, 
mesenchymal, and leukocyte lineages (Fig.  6A-B, S3B). 
Three clusters with fewer than 100 cells were excluded 
from further analysis. Additionally, an ambient RNA con-
tamination subset and a small hematopoietic contamina-
tion subset were identified and excluded (Figure S3C-D). 
Notably, even rare cell types, such as lymphatic endo-
thelial cells (152 cells), were identified, highlighting the 
robustness and accuracy of our computational workflow. 
Differential gene expression analysis was then used to 
identify cell type-specific marker genes with high expres-
sion levels within each cluster (Fig.  6C, Supplementary 
Data 1). These clusters were annotated based on known 
marker genes and literature, providing a comprehensive 
atlas of cell types in the mouse lung.

Within the mouse lung single-cell atlas that we devel-
oped, the expression patterns of 14 genes, ascertained 
through the integration of differential expression, chro-
matin accessibility, and chromatin compartmentalization 
data, revealed distinct cell type-specific biases (Fig. 6D). 
Upon correlating our gene dataset with the lung cell 
information from the newly released Human Lung Cell 
Atlas (HLCA) [49], we observed a high degree of con-
cordance in the cell-type specificity of gene expression 
(Fig. 6E). For example, Pbx1, a homeodomain TF essen-
tial for Fgf10 expression in lung mesenchyme, is pref-
erentially expressed in fibroblasts [50] (Fig.  6F); Lifr, 
implicated in tumor angiogenesis [51], and Prickle2 
are both highly expressed in endothelial cells (Fig.  6G, 
S3E); Il7r is predominantly found in T lymphocytes; 
Rbms3 shows high expression in non-immune cell types 
(Fig.  6H); Magi1 is highly expressed in lung parenchy-
mal cells (Figure S3E); Nectin3 is enriched in AT1 and 
aCap cells (Figure S3E), underscoring its role in gov-
erning the air-blood barrier architecture; Gas2l3 is pri-
marily expressed at high levels in macrophages (Figure 
S3E); Maf is highly expressed in lymphatic endothelial 
cells (Figure S3E); and Itga4 is highly expressed across 
immune cell populations (Figure S3E). Nevertheless, 
for four genes—Rbfox3, Tent5A, Xylt1, and Adam22—
expression levels were insufficiently robust in both the 
human and mouse atlases to evaluate the consistency of 
their expression profiles (Fig. 6D-E).

Discussion
The ever-expanding knowledge of the molecular under-
pinnings of preclinical model of PF has yet to translate 
into substantial clinical improvements. The emergence 
of Hi-C analysis opens up innovative avenues for explor-
ing the complexities of chromatin organization and its 
regulatory functions within the genome [52]. The ability 
of chromatin to be accessed plays a crucial role in both 
turning on genes and enabling physical interactions [53]. 
The ATAC-seq technique, known for its efficiency in 
detecting chromatin accessibility, has been broadly uti-
lized to chart the landscape of chromatin accessibility in 
a wide variety of tissues and cellular contexts [15]. In this 
study, high-resolution three-dimensional genome archi-
tecture was delineated by integrating Hi-C, ATAC-seq, 
and mRNA-seq data from BLM-treated fibrotic mouse 
lung tissues.

As observed in breast cancer cells [16], changes in 
chromatin accessibility in lung tissue typically led to 
alterations in chromatin compartmentalization and 
gene expression. However, our further investigation 
reveals that the genes identified as differential com-
partment and those with differential expression do not 
always correspond directly with the changes in acces-
sibility. This suggests a directed flow in regulatory path-
ways, where changes in chromatin accessibility may serve 
as an upstream regulatory event, driving downstream 
responses such as alterations in AB compartments and 
gene expression. To illustrate, while the throwing of a 
stone into a lake causes ripples, the presence of ripples 
alone does not confirm the stone’s impact. It is important 
to note that the topologically associating domains (TAD) 
and Chromatin loops, which represent a more refined 
chromatin structure as indicated by Hi-C data, may influ-
ence chromatin accessibility, as previously reported in 
the literature [16]. Our Hi-C analysis was limited to the 
level of AB compartment analysis due to the complexity 
introduced by tissue-level heterogeneity. More detailed 
analyses of TADs and Loops should be conducted with 
more specific samples and deeper sequencing to provide 
a clearer understanding.

Tissue damage and inflammation are important trig-
gers for regeneration and fibrosis [54]. We observed that 
genomic regions linked to the inflammatory response 
became activated in lung tissues affected by BLM. Inflam-
mation and cytokine production were also prominent in 
regions made hyper-accessible by BLM induction and in 
genes that were upregulated. TNF-α, a cytokine involved 
in the Th-1 response, has been shown to contribute to 
fibrosis in various animal studies, as indicated by the 
use of TNF-α inhibitors or mice lacking TNF receptors 
[55]. Our findings also showed that BLM triggers the 
activation of TNF-α signaling at both chromatin acces-
sibility and gene expression levels. This finding is in line 
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Fig. 6  Identifying pathogenic cell types for epigenetics and Chromatin Dynamics of lung fibrosis. (A) The UMAP plot illustrates the distribution of cells 
under two distinct conditions: saline and BLM. The blue dots represent cells treated with saline, while the orange dots indicate those treated with BLM. (B) 
The UMAP plot of various cell types, each represented by distinct colors. The legend on the right side lists these cell types and their corresponding color 
codes. (C) Violin plot shows the expression levels of the identified marker genes relative to each other. (D) Bubble plot reveals how 14 specific genes are 
expressed across various cell types, based on mouse single-cell RNA sequencing information. (E) Bubble plot shows a visual representation of how 14 
genes are expressed in different cell types, as documented in the human lung cell atlas. The arrangement features cell types along the rows and genes 
along the columns. The bubble size is proportional to the number of cells expressing the gene, and the color gradient indicates the degree of gene ex-
pression. The UMAP plot showing cell specificity of PBX (F), LIFR (G) and IL7R (H) expression in human and mouse
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with the understanding that interferon-γ (IFN-γ), which 
is known to promote the differentiation of monocyte-
derived macrophages, is a key player in lung inflamma-
tion and fibrosis. This is demonstrated by the reduction 
in lung inflammation and fibrosis in mice where IFN-γ 
was neutralized after they experienced an acute SARS-
CoV-2 infection [56]. The analyses of motif enrichment 
and TF target gene enrichment both highlight the signifi-
cant enrichment of interferon regulatory factors, which 
underscores the importance of the interferon pathway in 
the development of BLM-induced lung fibrosis.

Our data not only captured the changes in immune 
characteristics post-BLM treatment but also the altera-
tions in signaling pathways related to tissue regeneration. 
A significant alteration in the chromatin compartment, 
linked to organogenesis, is evident following BLM treat-
ment, characterized by a transition from active to inactive 
chromatin states. This shift suggests a hindering effect on 
the development and regeneration of alveolar structures 
[57], processes usually governed by the balance between 
Wnt and BMP signaling pathways [58]. Furthermore, our 
ATAC-seq data indicates a marked suppression of BMP 
signaling following BLM exposure, while Wnt and TGFβ 
signaling-related genes show no significant changes in 
chromatin accessibility. Interestingly, RNA-seq analysis 
reveals a significant activation of both Wnt and TGFβ 
signaling pathways. This discrepancy points to the exis-
tence of chromatin-independent regulatory mechanisms 
in BLM-induced fibrosis, potentially involving RNA or 
protein level regulation that enhances the responsiveness 
and speed of these signaling pathways to BLM treatment.

An integrated analysis of chromatin compartmental-
ization, accessibility, and gene expression data identified 
14 key regulatory genes. These genes are differentially 
expressed across various cell types, with the expression 
profiles widely distributed among them. Specifically, Il7r, 
Gas2l3, and Itga4 are expressed in immune cells; Magi1 
and Nectin3 in epithelial cells; Lifr, Prickle2, and Maf in 
endothelial cells; and Pbx1 and Rbms3 in mesenchymal 
cells. Some of these genes have been extensively studied. 
For instance, RBMS3 is known to play a role in various 
aspects of lung pathology in conjunction with WNT5A 
and MSI2[47]. The leukemia inhibitory factor recep-
tor (LIFR) has been observed to enhance the pathogenic 
activation of fibrotic fibroblasts [46], although single-cell 
data suggests that LIFR is primarily expressed in endo-
thelial cells and only weakly in fibroblasts, indicating 
that its regulatory role in endothelial cells may be a more 
intriguing area of study. Terminal Nucleotidyltransferase 
5  A (TENT5A), an mRNA poly(A) polymerase, directly 
affects the conversion of COL1A1 mRNA [59]. Xylosyl-
transferase 1 (XYLT1) is a key enzyme in the synthesis of 
proteoglycans and the construction of the extracellular 
matrix (ECM) [60].

This study provides fundamental information on the 
epigenomics and chromatin dynamics of BLM-induced 
fibrosis, albeit with certain limitations that warrant fur-
ther investigation in the future. The choice to use tissue 
samples as the subject of study offers only preliminary 
insights, making it difficult to assess the extent to which 
cellular composition may have influenced these find-
ings. Additionally, this approach limits the possibility of 
conducting more detailed analyses of specific cell type 
phenotypes. Another limitation of this research is that, 
unlike mature RNA-seq protocols, the quality control 
standards for Hi-C and ATAC-seq are more challenging 
to establish, particularly at the tissue level. Future studies 
should aim to build upon the basic information provided 
here by selecting samples with reduced heterogene-
ity, such as individual cells, for more refined sequencing 
analyses and phenotypic validations.

Conclusion
The study enhances insights into the epigenetic mecha-
nisms and chromatin dynamics underlying BLM-induced 
PF, offering critical benchmarks for animal model 
preclinical studies and steering subsequent research 
endeavors.
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Supplementary Material 1: Supplementary Table 1. ATAC-seq data statistics.

Supplementary Material 2: Supplementary Table 2. RNA-seq data statistics

Supplementary Material 3: Supplementary fig. 1 (A) The bar graphs pres-
ent the distribution of read counts across different tag types for various 
samples. (B) The histogram presents the distribution of valid pairs across 
different categories, including duplicates, valid interactions, cis long-range 
contacts (> 20 kb), cis short-range contacts (< 20 kb), and trans contacts. 
(C) Principal components analysis (PCA) of PC1 values of Hi-C data from 
control and BLM-induced fibrotic mice. (D) Gene type distribution of AB 
compartment conversion regions between control and BLM-induced 
fibrotic mice. (E) Pathway enrichment analysis of AB compartment conver-
sion regions between control and BLM-induced fibrotic mice.

Supplementary Material 4:: Supplementary fig. 2 (A-B) This bar chart il-
lustrates the distribution of reads across four categories: mm10, duplicates, 
mouse_chrM2x, and unaligned. Samples B21-1, B21-2, B21-3, S21-1, S21-2, 
and S21-3 are represented with varying percentages in each category. (C) 
The graph presents the cumulative distribution of unique reads across 
different samples, with each sample represented by a distinct line. The x-
axis shows the total number of reads in millions, while the y-axis indicates 
the percentage of unique reads. The inset graph zooms into the lower 
read count range to highlight the detailed trend. (D) The fragment length 
distribution across all samples. (E) Heatmap and profile of ATAC-seq signals 
around the ATAC peak center. (F) The bar graph illustrates the TSS enrich-
ment score distribution across all samples. (G) Heatmap and profile of 
ATAC-seq signals around the BLM-induced upregulated ATAC peak center. 
(H) Heatmap and profile of ATAC-seq signals around the BLM-induced 
downregulated ATAC peak center.

Supplementary Material 5: Supplementary fig. 3 (A) The UMAP plot 
displays the distribution of cells under two distinct conditions before 
batch effect correction, with blue dots indicating cells treated with saline 
and orange dots indicating cells treated with BLM. (B) The indicated 
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marker genes were used to select clusters for subsetting into stromal cells, 
epithelial cells, endothelial cells, and leukocytes. (C) The UMAP plot shows 
the contamination factor per cell calculated by decontX. (D) The UMAP 
plot visualizes the percentage of hemoglobin per cell, illustrating the 
distribution of cells based on their hemoglobin content. (E) The UMAP plot 
displays the cell specificity of gene expression for 14 genes in both human 
and mouse cells.
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