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Fibroblast atlas: Shared and specific cell types

across tissues

Kaidong Liu't, Yanrui Cui't, Huiming Han't, Erliang Guo?, Xingyang Shi', Kai Xiong', Nan Zhang’,
Songmei Zhai', Shaocong Sang', Mingyue Liu', Bo Chen', Yunyan Gu'*#

Understanding the heterogeneity of fibroblasts depends on decoding the complexity of cell subtypes, their
origin, distribution, and interactions with other cells. Here, we integrated 249,156 fibroblasts from 73 studies
across 10 tissues to present a single-cell atlas of fibroblasts. We provided a high-resolution classification of
18 fibroblast subtypes. In particular, we revealed a previously undescribed cell population, TSPAN8* chroma-
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tin remodeling fibroblasts, characterized by high expression of genes with functions related to histone mod-
ification and chromatin remodeling. Moreover, TSPAN8* chromatin remodeling fibroblasts were detectable
in spatial transcriptome data and multiplexed immunofluorescence assays. Compared with other fibroblast
subtypes, TSPAN8* chromatin remodeling fibroblasts exhibited higher scores in cell differentiation and resi-
dent fibroblast, mainly interacting with endothelial cells and T cells through ligand VEGFA and receptor F2R,
and their presence was associated with poor prognosis. Our analyses comprehensively defined the shared
and specific characteristics of fibroblast subtypes across tissues and provided a user-friendly data portal,

Fibroblast Atlas.

INTRODUCTION

The complexity of molecular and physical interactions in biologi-
cal systems suggests that various cell subtypes perform distinct
functions in a context-dependent manner. Tumorigenesis is char-
acterized by high heterogeneity, and efforts to understand this
heterogeneity have been largely limited to cancer cells, ignoring
those cells in the tumor microenvironment (1). Fibroblasts, a cen-
tral component of the tumor microenvironment, are canonically
referred to as cells that participate in tissue homeostasis and tu-
morigenesis by producing and maintaining extracellular matrix
(2). In recent years, the application of single-cell RNA sequencing
(scRNA-seq) has revealed that fibroblasts are also highly hetero-
geneous in terms of their phenotype, origin, and function (3). The
underlying mechanisms responsible for fibroblast heterogeneity
remain an active field in cancer research.

In particular, scRNA-seq has advanced our understanding of
fibroblast heterogeneity, allowing us to identify previously uniden-
tified fibroblast subtypes in an unbiased manner. For example,
Ohlund et al. (4) proposed two mutually exclusive and reversible
cancer-associated fibroblast (CAF) subtypes in pancreatic cancer,
including inflammatory CAF (iCAF) and myofibroblastic CAF
(myCAF). Their scRNA-seq study further corroborated the exis-
tence of iCAF and myCAF and identified a previously unknown
subtype of CAFs, named antigen-presenting CAF (5). In breast
cancer, Costa et al. (6) identified four different CAF subpopula-
tions (CAF-S1 to CAF-S4) using multicolor flow cytometry. Fol-
lowing this, they further divided CAF-S1 into eight molecularly
and phenotypically distinct CAF subtypes by scRNA-seq, and
these eight CAF subtypes could reflect some characteristics of
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iCAF and myCAF (7). Multiple studies on the same or different
tissues have identified similar fibroblast subtypes but assigned
them different names, such as the CAF-S4 subtype in breast can-
cer, the myCAF subtype in pancreatic cancer, and the HNCAF-2
subtype in head and neck squamous cell carcinoma (8). However,
it is unclear whether this phenomenon can be extended to other
cancer types, and these shared and specific features of CAF sub-
types remain unknown.

Buechler et al. (9) identified two universal fibroblast subtypes
and constructed fibroblast atlases across 17 tissues in healthy
and diseased mouse models by integrating 50 scRNA-seq datasets.
However, the conservation of fibroblast subtypes in human was
only explored in five scRNA-seq datasets from pancreas, colon,
and lung tissues. In addition, Luo et al. (10) integrated 12 scRNA-
seq datasets across 10 solid cancer types in human and identified
two normal fibroblast subtypes and six CAF subtypes. The rela-
tively small number of fibroblasts in some studies was insufficient
to detect the landscape of fibroblast subtypes, leading to the neglect
of some key subtypes (3). Furthermore, the association between
the previous fibroblast subtypes with well-defined fibroblast sub-
types was unclear. Therefore, it is necessary to integrate as many
scRNA-seq datasets as possible and to systematically dissect and
compare the relationships between fibroblast subtypes in differ-
ent tissues.

In this study, we systematically integrated 73 scRNA-seq datasets
across 10 tissues to construct a comprehensive atlas of the human fibro-
blasts, with the ultimate goal of understanding the fibroblast heteroge-
neity and elucidating the associations between fibroblast subtypes. We
identified and defined 18 fibroblast subtypes, and all previously estab-
lished major fibroblast subtypes were delineated. By contrast, we iden-
tified a previously unidentified ubiquitous fibroblast subtype associated
with epigenetic modifications, which tended to colocalize with endo-
thelial cells in the spatial transcriptome (ST') data and was more suscep-
tible to T cells through F2R receptor. In addition, we provided an online
platform to facilitate cancer researchers to further explore the hetero-
geneity of fibroblasts (http://medsysbio.org:3838/fibroblasts/).
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RESULTS

Construction of a cross-tissue single-cell atlas of fibroblasts
To systematically delineate fibroblast heterogeneity across tissues,
we collected and prioritized reported scRNA-seq studies for human
tumor and healthy cohorts (Fig. 1A). We obtained 1116 samples
from 73 studies, involving 10 tissues and 4 different sample types,
including normal, adjacent, tumor, and metastatic samples (Fig. 1B,
figs. S1 to S10, and table S1). Fibroblasts extracted from these sam-
ples were compiled into a cross-tissue single-cell transcriptome at-
las. The integrated fibroblast atlas consisted of 249,156 fibroblasts, of
which 65.94% of cells were from tumor samples, 18.67% were from
adjacent samples, 11.28% were from normal samples, and 4.11% were
from metastatic samples (Fig. 1B).

Functional heterogeneity of fibroblast subtypes

To characterize the heterogeneity of fibroblasts, we performed unsu-
pervised clustering on fibroblasts and identified 33 clusters (Fig. 1C
and fig. S11). On the basis of the similarity between cluster-specific
genes, we classified 33 fibroblast clusters into 18 common fibroblast
subtypes (Fig. 1D). Gene Ontology (GO) enrichment analysis re-
vealed that different fibroblast subtypes were significantly enriched
for diverse biological processes (P < 0.05, hypergeometric test; fig. S12).
Following the hierarchical nomenclature proposed by Lavie et al.
(3), we delineated 18 fibroblast subtypes: fumarylacetoacetate hydro-
lase (FAH)* adenosine triphosphate (ATP) synthesis fibroblast,
insulin (INS)* inflammatory fibroblast, matrix metalloproteinase 11
(MMP11)* myofibroblast, complement factor D (CFD)* inflamma-
tory fibroblast, interleukin 6 (IL6)" inflammatory fibroblast, pepsino-
gen A3 (PGA3)* matrix fibroblast, JunB proto-oncogene (JUNB)*
ribosome biogenesis fibroblast, secreted phosphoprotein 1 (SPP1)*
electron transport fibroblast, ribosomal protein 31 (RPL31)* electron
transport fibroblast, tetraspanin 8 (TSPANS)* chromatin remodeling
fibroblast, keratin 14 (KRT14)" electron transport fibroblast, regulator
of G protein signaling 5 (RGS5)" myofibroblast, actin alpha 1 (ACTA1)"
myofibroblast, phospholipase C gamma 2 (PLCG2)* myofibroblast,
aggrecan (ACAN)" ribosome biogenesis fibroblast, CD74 molecule
(CD74)* antigen—presenting fibroblast, STEAP family member 1B
(STEAP1B)" matrix fibroblast, and tetratricopeptide repeat domain
19 (TTC19)* myofibroblast (Fig. 2A). In particular, we identified and
named a previously undescribed subtype of fibroblasts, TSPANS™
chromatin remodeling fibroblasts, characterized by high expression
of TSPANS, GATADI1, MDM2, and VEGFA, as well as notable enrich-
ment with histone modification and chromatin remodeling.

Next, we examined transcription factor (TF) expression for fibro-
blast subtypes. These subtype specific TFs could be used to further
understand the function of fibroblast subtypes, as exemplified by the
up-regulation of SP9 in the TSPANS* chromatin remodeling fibro-
blasts (Fig. 2B). In addition, we also observed some TFs shared by
different fibroblast subtypes, such as MYPOP, ZBTB49, TFAP4, and
S§0OX21, illustrating common characteristics among fibroblast sub-
types (Fig. 2B).

The distribution of fibroblast subtypes in tissue and

sample types

We examined the composition of different fibroblast subtypes across
tissues (Fig. 2C and fig. S13A). Notably, MMP11" myofibroblasts
and CFD™ inflammatory fibroblasts accounted for the largest pro-
portion of fibroblasts, with an average of above 20% in most tissues.
However, the proportion of fibroblasts showed marked variation
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across different tissues. For instance, CD74" antigen-presenting fi-
broblasts from the stomach exhibited the highest odds ratio (OR)
value in tumor samples (P < 0.001, Fisher’s exact test; fig. S14). Pre-
vious work from Pinchuk ef al. has shown that gastric fibroblasts
expressing abundant class II major histocompatibility complex mol-
ecules play a crucial role in the activation and proliferation of T
helper 17 cells (11). In addition, we further examined the sample
distribution of fibroblast subtypes. Among fibroblast subtypes with
cell proportions across tissues, we found that CFD" inflammatory
fibroblasts were mainly distributed in tumor and adjacent samples,
while MMP11* myofibroblasts, RGS5% myofibroblasts, KRT14*
electron transport fibroblasts, SPP17 electron transport fibroblasts,
and TSPANS" chromatin remodeling fibroblasts exhibited signifi-
cantly higher cell proportions in tumor samples (Fig. 2D; P < 0.05,
Wilcoxon rank-sum test, Fig. 3A). The distribution of different fi-
broblast subtypes in adjacent and tumor samples may be influenced
by the specific roles these cells play in the tumor microenvironment
and their involvement in processes during cancer progression (12).
Because of the relatively small number of metastatic samples, we did
not observe obvious preference of fibroblast subtypes in the meta-
static samples (Fig. 2D).

Next, we evaluated fibroblast reprogramming by comparing all
fibroblasts in a given pathological tissue to normal fibroblasts. We
identified differentially expressed genes (DEGs) for different patho-
logical tissues and found that some chemokines, such as CXCL1 and
CXCL3, were highly expressed by fibroblasts from adjacent samples,
consistent with the sample distribution of inflammatory fibroblast
subtypes. Conversely, fibroblasts from tumor samples showed low
expression of these inflammatory factors but high expression of
collagen-related genes. These collagen-related genes were also high-
ly expressed by fibroblasts from metastatic samples (Fig. 2E). Path-
way analysis revealed that fibroblasts from tumor and metastatic
samples shared the highest number of pathways (fig. S13B). These
pathways were primarily associated with collagen, such as collagen
formation and cross-linking of collagen fibrils (fig. S13C). Fibro-
blasts played a crucial role in remodeling the extracellular matrix by
regulating the balance of collagen fibrils, which were essential for
the survival, proliferation, migration, and invasion of cancer cells
(13). In contrast, fibroblasts from tumor samples were specifically
involved in focal adhesion and smooth muscle contraction path-
ways (Fig. 2F). After further comparing the differences between fi-
broblasts in tumor samples and metastatic samples, we observed
distinct gene expression patterns. Fibroblasts in tumor samples ex-
hibited high expression of heat shock protein family genes, such as
HSPAIA and HSPAIB, whereas fibroblasts in metastatic samples
showed high expression of keratin-associated genes such as KRT18
and KRT19 (fig. S15A). Enrichment analysis revealed that fibro-
blasts in tumor samples were enriched in pathways associated with
extracellular matrix, while fibroblasts in metastatic samples were
enriched in cytoplasmic translation and ribosome biogenesis path-
ways (fig. S15, B and C).

Shared and specific characteristics of fibroblast subtypes
across tissues

Among fibroblast subtypes with cell proportions across tissues, we
found that CFD* inflammatory fibroblast, MMP11* myofibro-
blast, RGS5* myofibroblast, KRT14" electron transport fibroblast,
TSPANS* chromatin remodeling fibroblast, and SPP1* electron
transport fibroblast exhibited significantly higher cell proportions in
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Fig. 1. Defining fibroblast subtypes from a curated collection of scRNA-seq datasets. (A) Workflow of data collection and fibroblast analysis in this study. (B) Barplots
showing the number of cells, samples, and datasets across tissues (left), with the exact numbers indicated above each bar. Pie charts depicting summary statistics for the
fibroblasts and samples (right). (C) t-Distributed stochastic neighbor embedding (t-SNE) visualization of fibroblast clusters. (D) Heatmap showing the relative expression
patterns of marker genes in distinct fibroblast clusters. The top bar representing corresponding fibroblast subtypes. See also table S2.
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Fig. 2. Transcriptome heterogeneity of fibroblast subtypes. (A) t-SNE visualization of fibroblast subtypes. (B) Heatmap showing the top expression of TFs in each fibro-
blast subtype. (C) Barplot showing the relative proportion of fibroblast subtypes across tissues. (D) t-SNE plot showing the distribution of fibroblast subtypes across
sample groups. (E) Volcano plots showing DEGs between adjacent and normal, tumor and normal, and metastasis and normal fibroblasts. The percentage difference
represents the difference in the percentage of fibroblasts expressing the gene. Color denotes genes with the log, fold change > 0.25 and the percentage of fibroblasts
expressing the gene > 0.25. (F) Bubble plot showing specific pathways in the adjacent, tumor, and metastatic fibroblasts. The red line denotes statistical significance. FDR,
false discovery rate; KEGG, Kyoto Encyclopedia of Genes and Genomes; WP, WikiPathways; Reactome, Reactome Pathway Knowledgebase; PID, Pathway Interaction Data-
base; SIG, Signaling Gateway; BIOCARTA, BioCarta Pathway Database.
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Fig. 3. Identification of TSPAN8* chromatin remodeling fibroblast. (A) Box plots showing cell proportion of six fibroblast subtypes across sample groups. Each point
represents a tissue. *P < 0.05; **P < 0.01; ***P < 0.001; ns, no significance. (B) Comparison between our fibroblast subtypes and previously defined fibroblast subtypes.
The color intensity of the points represents the statistical significance of gene set enrichment analysis. The color of bars represents the previously defined fibroblast sub-
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TSPAN8™ chromatin remodeling fibroblast across six cancer types in spatial transcriptomics. Cell type deconvolution of each spot on the histology image (top). Mapping
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in green, CAFs were visualized in red, and nuclei were stained in blue. n = 3. Scale bars, 20 pm.
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tumor samples (P < 0.05, Wilcoxon rank-sum test; Fig. 3A). Thus,
we specifically explored the dynamics of different fibroblast sub-
types with tumor progression in each tissue. On the basis of the OR
results, the aforementioned six fibroblast subtypes showed higher OR
values in tumor samples across tissues compared to other sample
types (fig. S14). In contrast, the remaining 12 fibroblast subtypes ei-
ther had no cell proportions in tumor samples or showed no statisti-
cal differences when compared to other sample types (fig. S16).
Therefore, our results highlighted 6 fibroblast subtypes, including
CFED™ inflammatory fibroblast, MMP11" myofibroblast, RGS5* myo-
fibroblast, KRT14" electron transport fibroblast, TSPANS™ chromatin
remodeling fibroblast, and SPP1* electron transport fibroblast, that
were ubiquitous in tumor samples across tissues, while the remaining
12 fibroblast subtypes tended to be tissue specific. This pattern where
some fibroblast subtypes are found across various tumor samples,
while others exhibit tissue specificity, reflects the complex and diverse
roles that fibroblasts play within the tumor microenvironment (14).

We then investigated the concordance of our fibroblast classifica-
tions with the 51 fibroblast subtypes defined in 12 previous studies
(table S3). Pairwise gene set enrichment analysis indicated that most
of our fibroblast classifications were significantly enriched in func-
tionally similar fibroblast categorizations (P < 0.05, Hypergeometric
test; Fig. 3B). Specifically, CFD* inflammatory fibroblasts (subtype
1) matched 13 previously defined fibroblast subtypes, including iCAF
in the pancreas. In alignment with the inflammatory function and
spatial distribution of CFD* inflammatory fibroblasts, iCAF in the
pancreas likewise secreted inflammatory mediators and located dis-
tantly from tumor cells (4). Furthermore, we found that IL6" inflam-
matory fibroblasts (subtype 4) also matched iCAF in the pancreas.
Considering the functional heterogeneity of CFD* inflammatory
fibroblasts and IL6" inflammatory fibroblasts, it is necessary to
refine the classification of iCAF. In addition, we also obtained
similar results by comparing MMP11* myofibroblasts (subtype 2)
and RGS5" myofibroblasts (subtype 6) with their matched fibro-
blast subtypes. Regarding KRT14" electron transport fibroblasts
(subtype 7), the majority of its marker genes were tumor-specific
keratins, indicating that fibroblasts might undergo a proliferative
process in a specific context. Therefore, it is not unexpected that
KRT14" electron transport fibroblasts (subtype 7) matched pro-
liferating cell and fibroblast-like subtypes in the ovary, mesCAF
subtype in the liver, and proliferating fibroblast subtype in the lung
(Fig. 3B). We found that TSPANS™ chromatin remodeling fibro-
blasts did not align with any previously defined fibroblast catego-
rizations (Fig. 3B).

The spatial distribution of TSPAN8* chromatin

remodeling fibroblasts

TSPANS™ chromatin remodeling fibroblasts, as a previously un-
identified ubiquitous fibroblast subtype across tissues, exhibit sig-
nificantly higher cell proportions in tumor samples compared to
other sample types (P < 0.001, Wilcoxon rank-sum test; Fig. 3A). To
validate the existence of TSPANS* chromatin remodeling fibro-
blasts, we analyzed publicly available ST data across six cancer types:
breast carcinoma, gastrointestinal stromal tumor, liver hepatocellular
carcinoma, pancreatic ductal adenocarcinoma, oral squamous cell
carcinoma, and high-grade serous ovarian carcinoma (HGSOC).
Each spot was assigned to a specific cell type based on the highest
probabilistic proportion calculated by the robust cell type decom-
position (RCTD) method (Fig. 3C). Next, TSPAN8* chromatin
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remodeling fibroblasts were mapped on the basis of the expression
of the marker gene TSPANS within fibroblast-enriched spots. We
successfully mapped TSPANS* chromatin remodeling fibroblasts
in 21 of the 28 available tissue sections across all six cancer types
(Fig. 3C and fig. S17A). In addition, we found that TSPAN8* chro-
matin remodeling fibroblasts were primarily located in the tumor
margin area (Fig. 3C and fig. S17A). In the pan-cancer dataset of
GSE203612, TSPANS™ chromatin remodeling fibroblasts tended
to colocalize with endothelial cells rather than other cell types in
the tumor microenvironment (P = 6.58 X 10~%, Fisher’s exact test;
fig. S17B).

Considering the relatively high proportions of TSPAN8* chro-
matin remodeling fibroblasts in breast cancer, ovarian cancer, pan-
creatic cancer, and colon cancer tissues (Fig. 3A), we conducted
multiplexed immunofluorescence assays in these tumor tissues and
their adjacent tissues. The up-regulation of TSPANS8 expression in
tumor tissues is observed in fibroblasts tagged with FAP, demon-
strating the presence of TSPANS" chromatin remodeling fibroblast
subtype (Fig. 3D). In addition, tumor tissues exhibited an elevated
quantity of TSPAN8* chromatin remodeling fibroblasts compared
to adjacent tissues (Fig. 3D).

Potential origins of fibroblast subtypes

Since fibroblasts could transition between different functional states,
we opted for Monocle2 to infer potential cell differentiation trajec-
tories. The resulting trajectories showed a variety of state transition
paths between fibroblast subtypes (Fig. 4A). We defined 11 distinct
states within fibroblast subtypes (Fig. 4B). Most fibroblast subtypes,
such as CFD* inflammatory fibroblasts and MMP11" myofibro-
blasts, were evenly distributed in different states. In contrast, CD74*
antigen-presenting fibroblasts were largely present in state8, partic-
ularly those in the stomach and lung. TSPANS" chromatin remod-
eling fibroblasts and STEAP1B* matrix fibroblasts were dominant
in statel, primarily from the lung, pancreas, and head and neck (Fig.
4, C and D, and fig. S18).

To understand the dynamics of fibroblasts, we computed epithelial-
mesenchymal transition (EMT) scores and CytoTRACE scores.
Fibroblast branches with low EMT scores and high CytoTRACE
scores were considered potential roots of the trajectories. We found
that fibroblasts in statel, state8, state9, and statel10 exhibited lower
EMT scores and higher CytoTRACE scores, suggesting that fibro-
blast subtypes might have distinct origins (Fig. 4, E and F). Using
multiple computational methods, we continued to explore the het-
erogeneous origins of fibroblast subtypes across tissues. On the basis
of the gene signatures of resident fibroblasts obtained from the work
of Heidegger et al. (15), we found that fibroblasts in state8, state9,
and state10 exhibited lower resident fibroblast scores than fibro-
blasts in other states, especially those in state8 (P = 0.012, Wilcoxon
rank-sum test; Fig. 4G). In contrast, fibroblasts in statel had similar
resident fibroblast scores as fibroblasts at the end of the differentia-
tion trajectories (Fig. 4G). Moreover, in conjunction with the single-
cell regulatory network inference and clustering (SCENIC) results,
we found that fibroblasts in state8 showed relatively low correla-
tions with fibroblasts in other states (Fig. 4H). Therefore, the tra-
jectory results revealed that fibroblasts in state8, state9, and statel0,
primarily CD74" antigen-presenting fibroblasts, might originate
from transitions of other cell types, whereas TSPAN8* chromatin
remodeling fibroblasts in statel largely dominated the root of the
tissue-resident fibroblasts.
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Fig. 4. Differentiation status of fibroblast subtypes. (A and B) Monocle plot showing the differentiation trajectory colored by fibroblast subtypes (A) and states
(B). (C) The number of fibroblasts in each fibroblast subtype. Each point represents a state. (D) The number of fibroblasts in each state. Each point represents a tissue.
(E and F) Monocle plot showing the differentiation trajectory colored by EMT scores (E) and CytoTRACE scores (F). (G) Violin plots showing the resident fibroblast scores
across states. The Wilcoxon rank-sum test was applied to calculate the P value between different state groups. (H) Heatmap showing the correlation between TFs in differ-
ent states. The correlation coefficient was calculated by the Pearson correlation analysis.

The correlation between age and cell senescence of
fibroblast subtypes

The distribution of fibroblast subtypes along differentiation tra-
jectories inspired us to study the association between fibroblast
subtypes and age. We classified fibroblasts into nine groups based
on ages from single-cell sample information. Regardless of gender,
inflammatory fibroblasts including CFD™ inflammatory fibroblasts,
IL6" inflammatory fibroblasts, and INS* inflammatory fibroblasts
showed high OR values in the relatively low age distribution range of
30 to 59 years (Fig. 5A and figs. S19 and S20). Conversely, myofibro-
blasts such as MMP11* myofibroblasts, RGS5" myofibroblasts,
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TTC19" myofibroblasts, PLCG2" myofibroblasts, and ACTA1"
myofibroblasts displayed high OR values associated with the age
distribution ranging from 60 to 79 years (Fig. 5A and figs. S19
and S$20). In addition, some fibroblast subtypes exhibited different
age distributions between genders. For example, JUNB* ribosome
biogenesis fibroblasts exhibited high OR values in females aged
30 to 40 years, while no such trend was observed in males (figs.
S19 and S20). The associations between fibroblast subtypes and
age could be indicative of the dynamic interplay between these
cells and the changing tissue environment over time (2). We also
found that CD74" antigen-presenting fibroblasts were distributed
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Fig. 5. Aging and cell senescence characteristics of fibroblast subtypes. (A) Radar plots showing the preference of six fibroblast subtypes at different age and gender
groups. (B) Barplot showing the number of fibroblasts at different age groups. (C) Violin plots showing the cell senescence scores across fibroblast subtypes. The dashed
line denotes the average score of fibroblast senescence. (D and E) Violin plots showing the cell senescence scores across sample groups (D) and tissue groups (E). (F) Heatmap
showing the correlation between aging and cellular senescence in each fibroblast subtype across tissues. The Pearson correlation analysis was applied to calculate the
correlation coefficients and P values. P value: * < 0.05; ** < 0.01; *** < 0.001. (G) Violin plots showing the distribution of senescence scores among different age groups.

The statistical significance is calculated using a one-way analysis of variance (ANOVA) test.
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in 70 to 79 years in females and 80 to 89 years in males (figs. S19
and $20). In contrast, TSPAN8* chromatin remodeling fibro-
blasts appeared more frequently at 40 to 59 years in contrast to
60+ years (Fig. 5A and fig. S20). Besides, there was no obvious
difference in the distribution of fibroblast subtypes with age
across tissues (Fig. 5B).

Cellular senescence, a state of cell cycle arrest, showed additional
heterogeneity among cell types. Because of the lack of specific mark-
ers, we used 526 signature genes overexpressed during cellular senes-
cence to analyze cell-specific senescence levels (16). We implemented
10 scRNA-seq datasets across all tissues and found that fibroblasts
had the highest senescence scores compared to other cell types (fig.
S21). Next, we further explored the heterogeneity of cellular senes-
cence among the fibroblast subtypes. We found that cellular senes-
cence scores of fibroblast subtypes could reflect different states of the
cell differentiation trajectories, that was, fibroblasts at the root of the
trajectories often exhibited low cellular senescence scores (Fig. 5C
and fig. S18). Specifically, fibroblasts predominantly in state8, state9,
and statel0, such as RPL31" electron transport fibroblasts, CD74*
antigen-presenting fibroblasts, ACAN™ ribosome biogenesis fibro-
blasts, and ACTA1* myofibroblasts, showed the lowest levels of cellular
senescence (Fig. 5C). In contrast, tissue-resident-derived TSPANS*
chromatin remodeling fibroblasts did not show a notable difference
in the score of cellular senescence (Fig. 5C). Compared with fibro-
blasts from normal samples, cellular senescence scores of fibroblasts
were up-regulated in adjacent samples, tumor samples, and metastatic
samples, indicating that tumorigenesis is intertwined with cellular se-
nescence (Fig. 5D). Furthermore, we found that fibroblasts from kidney
and pancreas showed relatively high cellular senescence scores, while
fibroblasts from ovary had relatively low cellular senescence scores
(Fig. 5E).

Unraveling the relationship between aging and cellular senes-
cence will deepen our understanding of the heterogeneity of fibro-
blast subtypes. In most tissues, the pattern of aging and fibroblast
senescence changed in the same direction (Fig. 5F). The prostate,
pancreas, ovary, and liver showed opposite directions between cel-
lular senescence and aging changes (Fig. 5F). Regarding fibroblast
subtypes, our results highlighted the tissue-specific nature of changes
in cellular senescence with aging (Fig. 5F). We also observed sig-
nificant differences in senescence scores among different age groups
in SPP1* electron transport fibroblasts, CFD* inflammatory fibro-
blasts, and KRT14" electron transport fibroblasts [P < 0.05, one-
way analysis of variance (ANOVA) test; Fig. 5G]. The exceptions
were the RGS5* myofibroblasts and TSPANS™ chromatin remodel-
ing fibroblasts. RGS5" myofibroblasts exhibited consistent positive
correlations between cellular senescence and aging across five tis-
sues, while TSPANS* chromatin remodeling fibroblasts showed
significant negative correlations between cellular senescence and
aging in the ovary and colon (P < 0.05, Pearson correlation analysis;
Fig. 5F).

Cell interactions with fibroblast subtypes

We observed specific receptor or ligand genes, such as CXCL12,
VEGFA, and PDGFRB, as the marker genes of fibroblast subtypes
(Fig. 1D and table S2). Complex intercellular communications
among fibroblasts and other cell types are known to play a critical
role in tumorigenesis and progression (17). Considering the tissue
specificity of certain fibroblast subtypes, we implemented cell inter-
actions with above six ubiquitous fibroblast subtypes in the tumor
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samples from 25 scRNA-seq datasets across all tissues, with an aver-
age of three datasets per tissue. By CellphoneDB analysis, the inter-
actions between fibroblast subtypes reached the highest number
compared to those between fibroblasts and other cell types (Fig. 6A).
In addition, regardless of fibroblast subtypes and the tissue types, we
detected twice as many fibroblast interactions with endothelial and
epithelial cells as with immune cells in the tumor samples (Fig. 6A).
Notably, although fibroblasts interacted sparingly with immune
cells, fibroblasts presented more frequent interactions with macro-
phages than T cells and B cells (Fig. 6A).

Subsequently, we further explored receptor-ligand interactions
between fibroblast subtypes and other cell types using CellChat. We
observed shared receptor-ligand interactions among fibroblast sub-
types and other cell types, regardless of the tissue types (Fig. 6B and
figs. S22 to S29). However, fibroblast subtypes differed from each
other in the expression of these receptor or ligand genes, which
could explain the functional heterogeneity observed among fibro-
blast subtypes (Fig. 6C). Specifically, the ligand CXCL12 was notably
enriched in CFD™ inflammatory fibroblasts, and they mainly inter-
acted with T cells, B cells, and macrophages through the CXCR4
receptor, highlighting the important role of CFD" inflammatory fi-
broblasts in immunomodulation (Fig. 6, B and C, and figs. S22 and
§23). In addition, we observed specific activation of ligand C3 in
CFD" inflammatory fibroblasts, communicating with multiple re-
ceptors of C3 in macrophages (e.g., C3ARI, ITGB2, ITGAM, and
ITGAX) (Fig. 6C and fig. S23). Our results also indicated that SPP1*
electron transport fibroblasts were primarily responsible for the
MDK-NCL pathway in fibroblast-epithelial cell interaction (Fig. 6C
and fig. $24), which was critical for tumor development and inva-
sion (18). We found that VEGFA (vascular endothelial growth factor
A) was specifically enriched in TSPANS™ chromatin remodeling fi-
broblasts. Consistent with ST analysis, TSPAN8™ chromatin remod-
eling fibroblasts and endothelial cells colocalized in the tumor
margin area, suggesting that TSPAN8™ chromatin remodeling fibro-
blasts mainly interacted with endothelial cells through the VEGF
signaling pathway (Fig. 6C and fig. S25).

In turn, fibroblast subtypes were also regulated by different cell
types. MMP11* myofibroblasts differed from CFD" inflammatory
fibroblasts in their communication patterns with macrophages, as
they predominantly expressed ITGB5, the receptor for SPP1 on
macrophages (fig. S26). This result suggested that different fibroblast
subtypes might regulate each other indirectly through other cell types.
In contrast, RGS5" myofibroblasts specifically expressed PDGFRB,
the receptor for PDGFB in epithelial and endothelial cells, and rarely
interacted with immune cells (figs. S27 and S28). We found that B
cells rarely communicated to fibroblasts, while the receptor for
GZMA in T cells, F2R, was specifically activated in TSPANS™ chro-
matin remodeling fibroblasts (fig. S29).

The regulation of fibroblast subtypes

Since genomic characteristics were thought to be upstream factors
regulating gene expression, we examined the genetic regulation of
fibroblast subtypes across tumors. Here, we used bulk data from The
Cancer Genome Atlas (TCGA) to investigate the association be-
tween fibroblast subtypes and mutations. We found that TP53 and
BRAF mutations had the most widespread effects on fibroblast sub-
types (P < 0.05, Wilcoxon rank-sum test; fig. $30, A and B). In mul-
tiple cancer types, TP53 mutation exhibited positive effects on IL6"
inflammatory fibroblasts and FAH" ATP synthesis fibroblasts but
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interaction strength between two cell types across tissues. The dashed lines were
. The black line was used to separate the receptor or ligand genes.

Prostate

Heatmap showing the
used to separate different cell types. (B) Bubble plot showing the specific ligand-receptor interactions across tissues from six fibroblast subtypes to T cells. (C) Bubble plot

showing the expression pattern of selected ligand and receptor genes in six fibroblast subtypes. The size of each bubble represents the fraction of fibroblasts expressing
2 April 2025

Fig. 6. The cell-cell interactions of fibroblast subtypes. (A)
the gene. The color intensity of bubbles represents the scaled expression level of genes
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exerted negative effects on RGS5" myofibroblasts and INS™ inflam-
matory fibroblasts. The BRAF mutation showed positive rather than
negative effects in specific pairings between certain cancer types and
fibroblast subtypes. In contrast, we found that TSPANS™ chromatin
remodeling fibroblasts were positively associated with TP53 muta-
tion only in lower-grade glioma (LGG) (fig. S30, A and B).

We next investigated whether fibroblast subtypes were associated
with metastasis in TCGA. Compared with mutations, we found as-
sociations between metastasis and fibroblast subtypes in only five
cancer types (fig. S30C). The most significant correlations with me-
tastasis included KRT14" electron transport fibroblasts, FAH" ATP
synthesis fibroblasts, and SPP1* electron transport fibroblasts in
kidney clear cell carcinoma, IL6* inflammatory fibroblasts in kidney
papillary cell carcinoma (KIRP), and MMP11* myofibroblasts
and TL6" inflammatory fibroblasts in thyroid carcinoma (P < 0.01,
Wilcoxon rank-sum test; fig. S30C). In lung adenocarcinoma, there
were significant correlations between IL6" inflammatory fibro-
blasts and FAH" ATP synthesis fibroblasts with metastasis (P < 0.05,
Wilcoxon rank-sum test; fig. S30C). By contrast, bladder carcinoma
showed moderate correlations between TTC19* myofibroblasts,
MMP11* myofibroblasts, and CFD* inflammatory fibroblasts with
metastasis (fig. S30C).

The prognostic performance of fibroblast subtypes

We examined prognostic performance of the previously unidentified
fibroblast subtype, TSPANS™ chromatin remodeling fibroblasts.
The univariate Cox analysis, describing the effect of fibroblast sub-
type scores on overall survival (OS), demonstrated that TSPANS™
chromatin remodeling fibroblasts were associated with impaired
OS in most cancer types (Fig. 7A). In particular, the group with
high TSPANS" chromatin remodeling fibroblast scores was signifi-
cantly associated with reduced OS in LGG, KIRP, mesothelioma,
sarcoma (SARC), ovarian serous cystadenocarcinoma, and stomach
adenocarcinoma (STAD) (P < 0.05, log-rank test; Fig. 7B). Simi-
larly, we analyzed the associations between patient survival and
the remaining 17 fibroblast subtypes. Some associations were con-
text specific, such as the associations of RGS5" myofibroblasts with
improved OS in SARC but with reduced OS in STAD (fig. S30D).
Other associations were more consistent across cancer types, such
as SPP1% electron transport fibroblasts, FAH* ATP synthesis fibro-
blasts, and MMP11* myofibroblasts correlating with a poor prog-
nosis (fig. S30D).

Association between fibroblast subtypes and
immunotherapy response

Since T cells could specifically modulate TSPANS* chromatin remod-
eling fibroblasts through the GZMA-F2R interaction, we turned to
investigate the ability of TSPAN8" chromatin remodeling fibro-
blasts to predict clinical response to immune checkpoint inhibitors
(ICIs). We compiled a set of 20 ICIs therapy datasets that included
both bulk transcriptomic data and therapy response information,
overall comprising 1079 patients across seven cancer types. We
found that higher TSPAN8™ chromatin remodeling fibroblast scores
were significantly associated with a poorer response to ICIs only in
STAD (P < 0.05, Fisher’s exact test; Fig. 7C). Considering that other
fibroblast subtypes were also involved in immunomodulation, we
also explored their ability to predict clinical response to ICIs. Notably,
we observed some context-specific prediction performance for fibro-
blast subtypes, such as PGA3" matrix fibroblasts and TTC19*
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myofibroblasts in non-small cell lung cancer (NSCLC) and melanoma.
Unfortunately, these fibroblast subtypes showed unpredictable re-
sponses to ICIs when multiple datasets of the same cancer types were
combined for NSCLC and melanoma (fig. S31A).

Then, we attempted to further investigate the clinical relevance
of TSPANS* chromatin remodeling fibroblasts in two scRNA-seq
datasets of immunotherapy. In the colorectal cancer (CRC) cohort
(19), we obtained 52,276 cells consisting of eight cell types after cell
annotation, including 2175 fibroblasts (Fig. 7D). Subsequently, a
total of 12 subtypes were uniformly assigned to these fibroblasts
through the fibroblast atlas built in our study (Fig. 7E). As expected,
CFD" inflammatory fibroblasts were found to be enriched in the
adjacent samples, whereas other fibroblast subtypes were mainly lo-
cated in the tumor samples (Fig. 7F). Notably, we observed a high
enrichment of RGS5" myofibroblasts and IL6" inflammatory fibro-
blasts in nonpathological complete response (non-pCR) tumors,
while TSPANS* chromatin remodeling fibroblasts were enriched in
PCR tumors (Fig. 7, G and H). In the NSCLC cohort (20), a total of
84,729 cells of nine cell types were analyzed (fig. S31B). We identi-
fied 10 fibroblast subtypes using our fibroblast atlas but only found
one TSPANS* chromatin remodeling fibroblast (fig. S31C). In addi-
tion, we found that most fibroblasts were derived from patients with
stable disease, although patients with partial response accounted for
the majority (9 of 15) (fig. S31D). We observed that JUNB ribosome
biogenesis fibroblasts, IL6" inflammatory fibroblasts, and FAH" ATP
synthesis fibroblasts were highly enriched in partial response tumors,
whereas TSPANS* chromatin remodeling fibroblasts were enriched
in stable disease tumors (fig. S31E).

DISCUSSION

In this study, we constructed a high-resolution fibroblast atlas with
well-defined gene signatures and functional states. The large-scale da-
tasets allowed us to precisely elucidate and define 18 fibroblast sub-
types, including previously undescribed and overlooked subtypes.
Therefore, we were able to further dissect the previous myCAF and
iCAF subtypes and discovered the previously unidentified TSPANS*
chromatin remodeling fibroblasts, leading to an improved under-
standing of the transcriptional heterogeneity of fibroblasts. To facili-
tate the related research on fibroblasts, we provided a user-friendly,
interactive fibroblast portal for visualizing and querying fibroblasts
(http://medsysbio.org:3838/fibroblasts/).

The comparison with the previous fibroblast subtypes demon-
strated that our fibroblast classification provided a higher resolution
for distinct fibroblast populations. It is necessary to provide further
classification for existing fibroblast subtypes because of the hetero-
geneity in the origins of myCAF and iCAF subtypes. Accumulat-
ing evidence has demonstrated the diverse origins of fibroblasts in
different pathological tissues (2, 14, 21). In the trajectory analysis,
matched myCAF and iCAF subtypes were distributed in multiple
branches that exhibited high differentiation potentials, suggesting
that myCAF and iCAF subtypes might have multiple origins. Luo et al.
(10) revealed a possible evolutionary TAM-CAFap-CAFmyo path,
suggesting that antigen-presenting fibroblasts may originate from
macrophages. In addition, they highlighted the possibility of endo-
thelial cells undergoing endothelial-mesenchymal transition as a
potential origin for myCAE Affo et al. (22) demonstrated that he-
patic stellate cell-derived CAFs exhibited distinct mechanisms of
promoting intrahepatic cholangiocarcinoma progression compared
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Fig. 7. Clinical significance of TSPAN8* chromatin remodeling fibroblast. (A) Forest plot showing the univariate Cox analysis of TSPAN8™ chromatin remodeling fibro-
blast in TCGA pan-cancer data. HR, hazard ratio; Cl, confidence interval. (B) Kaplan-Meier survival curves showing the OS difference between the high and low groups with
TSPAN8* chromatin remodeling fibroblast scores in six TCGA cancer types. H, high scoring group; L, low scoring group. (C) Heatmap showing the number of samples be-
tween the high and low TSPAN8™ chromatin remodeling fibroblast score groups in 20 ICl data. The color intensity is proportional to the number of samples. Green box
represents the statistical significance (P < 0.05). R, responder; NR, nonresponder; H, high scoring group; L, low scoring group; NSCLC, non-small cell lung cancer; KIRC,
kidney renal clear cell carcinoma; BLCA, bladder urothelial carcinoma; HNSCC, head and neck squamous cell carcinoma; SKCM, skin cutaneous melanoma. (D) t-SNE visu-
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enrichment of fibroblast subtypes in immunotherapy response types.
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to portal fibroblast-derived CAFs. In cell interaction analysis of this
study, as exemplified by MMP11" myofibroblasts and RGS5" myofi-
broblasts, they also interacted with different cell types and performed
different functions by expressing specific receptor or ligand genes.

In line with the findings of Wu et al. (23), our single-cell analysis
also revealed that fibroblasts exhibited the highest senescence scores
among the various cell types (fig. S21). As reported by Wei et al.
(24), fibroblasts derived from chronic wounds exhibited a suscepti-
bility to senescence. Accumulating evidence has demonstrated that
fibroblast senescence promotes tumor proliferation and invasion
(25-27). Furthermore, Chatsirisupachai et al. (16) highlighted a
tissue-specific association between aging and cellular senescence.
Given that fibroblasts exhibit the highest senescence scores com-
pared to other cell types, this tissue-level senescence is likely mani-
fested in fibroblasts. Therefore, when comparing the relationship
between age and senescence across different fibroblast subtypes, we
identified tissue-specific associations. For example, SPP1" electron
transport fibroblasts exhibited a negative correlation between cellu-
lar senescence and aging in the ovary but a positive correlation in
the breast (Fig. 5F). One possible reason is that different tissues ex-
hibit distinct mechanisms in response to cellular senescence. For
example, senescent cells in the ovary may serve to maintain tissue
homeostasis and prevent the excessive production of reactive oxy-
gen species (28). Conversely, in the liver, the accumulation of senes-
cent cells can contribute to fibrotic alterations, ultimately leading to
carcinogenesis (29).

In previous scRNA-seq studies, fibroblasts expressing epigenetic-
related genes are overlooked due to their relatively small amount (3).
In a recent study, Loret et al. (30) identified a CAF subtype that highly
expressed STAR, TSPANS, and ALDHIA1 after chemotherapy in
HGSOC. By integrating 249,156 fibroblasts from multiple indepen-
dent single-cell platforms, we presented the most comprehensive
cross-tissue characterization of TSPAN8* chromatin remodeling
fibroblasts. We demonstrated that TSPAN8* chromatin remodel-
ing fibroblasts were detectable in 10x Visium data across six cancer
types examined. Notably, TSPAN8" chromatin remodeling fibro-
blasts tended to colocalize with endothelial cells and specifically
expressed ligand VEGFA, suggesting that TSPAN8™ chromatin re-
modeling fibroblasts might play an important role in the interac-
tion with endothelial cells. Compared to other fibroblast subtypes,
TSPANS* chromatin remodeling fibroblasts were specially regulated
by T cells through the GZMA-F2R interaction, indicating their po-
tential as biomarkers for immunotherapy.

Our analysis of TCGA pan-cancer data and bulk ICIs data col-
lectively suggested that TSPAN8* chromatin remodeling fibroblasts
showed unfavorable clinical implications in the prognosis of ovarian
cancer, gastric cancer, and renal cell carcinoma and resistance to im-
munotherapy in gastric cancer. In addition, although not statistically
significant, TSPANS™ chromatin remodeling fibroblasts exhibited a
high ratio of resistance to immunotherapy in other cancer types, in-
cluding CRC and NSCLC. However, we found that TSPANS™ chro-
matin remodeling fibroblasts were enriched in pCR tumors following
immunotherapy in the scRNA-seq data of CRC. This finding sug-
gests that the potential clinical implications of TSPAN8™ chroma-
tin remodeling fibroblasts may be offset by other fibroblast subtypes
or other cell types due to their relatively low cell number. Unfortu-
nately, we only found one TSPANS* chromatin remodeling fibro-
blast in the NSCLC cohort, which warranted further validation in
larger cohorts.

Liu etal., Sci. Adv. 11, eado0173 (2025) 2 April 2025

This study has some limitations. First, a canonical marker-
based cell annotation may not be sufficient to distinguish fibro-
blasts from stellate cells, pericytes, and smooth muscle cells, thus
additional cell annotation methods need to be combined to improve
our cell annotation results. Second, although TCGA pan-cancer analy-
sis indicates that several fibroblast subtypes are associated with
metastasis in specific tissues, we have not yet discovered the metas-
tasis mechanism for fibroblast subtypes in single-cell analysis, which
requires additional research in larger metastasis cohorts. Third, we
only demonstrate the presence of TSPANS8™ chromatin remodeling
fibroblast in single-cell data, ST data, and multiplexed immunofluo-
rescence assays. Further deep experimental validation may provide
a comprehensive understanding of the mechanism of TSPANS™ chro-
matin remodeling fibroblast involved in cancer progression.

In summary, we systematically delineated fibroblast subtypes
across tissues, not only providing a more refined classification for
myCAF and iCAF subtypes but also identifying the previously un-
identified TSPANS™ chromatin remodeling fibroblasts. Given the
differentiation status, cell interactions, age distribution, and senes-
cence level characteristics of the TSPANS* chromatin remodeling
fibroblasts, it will be of great significance to facilitate its biomarker
discovery and clinical applications. Notably, our study sheds light on
the different roles of fibroblast subtypes in their interactions with
other cells, which may guide the future development of targeted ther-
apies based on fibroblast subtypes. Moreover, the integrated analysis
of large-scale datasets will be a feasible way for refining subtypes in
other cell types.

MATERIALS AND METHODS

Curation of scRNA-seq data

We curated a total of 73 publicly available scRNA-seq datasets gener-
ated from different platforms, including 10x, Smart-seq2, Sort-seq,
Drop-sep, SCOPE-chip, inDrop, MARS-seq, Seq-well, scFTD-seq,
and Microwell-seq. Single-cell transcriptome count matrices for each
dataset were selected and downloaded. Surgical resection or biopsy
samples from treatment-naive patients were included in this study.

Preprocessing of scRNA-seq data

scRNA-seq data for each study was separately processed and ana-
lyzed using the “Seurat” package (v4.2.1) (31). Raw count matrices
underwent filtration by removing cell barcodes with fewer than 200
expressed genes, more than 6 median absolute deviations of ex-
pressed genes, and more than 20% mitochondrial transcripts. The
remaining cells of these samples were subsequently merged into
an aggregate object, and their count expression value was log-
normalized. The default 2000 highly variably genes were scaled be-
fore performing principal components analysis. In addition, we
applied the batch effect correction algorithm, Harmony (32), to in-
tegrate gene-cell matrices from different samples. On the basis of the
Harmony results, clusters were identified by the FindClusters function
at a resolution of 0.8 and visualized using the nonlinear dimensional
reduction method t-distributed stochastic neighbor embedding
(t-SNE). Cluster-specific genes were identified using the FindAll-
Markers function, and the resulting clusters were annotated to cell
types by comparing these cluster-specific genes with canonical cell
markers. To integrate fibroblasts across tissues, we extracted fibro-
blasts from each dataset based on cell annotation results. Through
Harmony, fibroblasts from different datasets were integrated in a
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tissue-specific manner, followed by the integration of all fibroblasts
in a cross-tissue manner.

Fibroblast clustering and annotation

Fibroblast clustering was performed using the Seurat package, as
described above. We used the clustree R package to visualize clusters
at multiple resolutions (range from 0.1 to 1.2). After evaluating the
number of clusters at each resolution, we determined 0.4 as the op-
timal resolution since there was minimal change in the number of
clusters beyond that threshold (fig. S11). The DEGs for each sub-
cluster were identified using the FindAllMarkers function with the
following parameters: only.pos = T and min.pct = 0.25. Cluster-
specific genes were defined as a group of genes that were signifi-
cantly up-regulated in this cluster compared to other clusters. As
Cords et al. (33) did, by examining the expression levels of cluster-
specific genes using the DoHeatmap function in Seurat (v4.2.1),
clusters showing similar gene expression patterns were merged into
a unified fibroblast subtype. A clustered heatmap was generated from
the z-scores of the mean expression values of the top 50 significant
DEGs in each cluster. GO enrichment analysis of significant DEGs
was performed using the “ClusterProfiler” package (v4.6.2) (34). Last,
we took into account both significant DEGs and the GO enrichment
results to annotate fibroblast subtypes, aligning with the hierarchical
nomenclature proposed by Lavie et al. (3). The significant up-
regulated DEGs of different fibroblast subtypes were defined as their
specific marker genes.

The tissue and sample type preferences of

fibroblast subtypes

We calculated the cell proportion of fibroblasts by dividing the
number of fibroblasts in each sample type within each tissue by the
total number of fibroblasts in that tissue. On the basis of the meth-
od from the work of Zheng et al. (35), we performed Fisher’s exact
test to assess the tissue and sample type preferences of fibroblast
subtypes. For each fibroblast subtype, we constructed a 2 by 2 con-
tingency table for each combination of tissue i and sample type j.
This table included the number of fibroblasts from tissue i in sam-
ple type j, the number from fibroblasts of tissue i in other sample
types, the number of fibroblasts from non-i tissue in sample type j,
and the number of fibroblasts from non-i tissue in other sample
types. Fisher’s exact test was applied on this contingency table to
obtain the OR and the corresponding P value. Furthermore, for
each fibroblast subtype, we compared the differences in cell propor-
tions between tumor samples and other sample types using the
Wilcoxon rank-sum test.

Pathway analysis

We downloaded 3090 canonical pathways from the Molecular Signa-
tures Database (MSigDB, v2023.1.Hs, https://gsea-msigdb.org/gsea/
msigdb). Each pathway represents a specific biological state or pro-
cess, curated from online pathway databases or the biomedical lit-
erature. DEGs between normal and adjacent fibroblasts, normal and
tumor fibroblasts, and normal and metastatic fibroblasts were calcu-
lated using the FindMarkers function. Pathway enrichment analysis
was assessed by a hypergeometric test, which was used to determine
whether the gene sets of these canonical pathways showed statistically
significant differences between different fibroblast groups. We further
corrected the P values by the Benjamini-Hochberg method, and an
adjusted P less than 0.05 was considered statistically significant.

Liu etal., Sci. Adv. 11, eado0173 (2025) 2 April 2025

Comparison with previous fibroblast subtypes

We gathered 12 previous fibroblast categorizations and correspond-
ing marker genes generated from their single-cell data (table S3). To
assess the concordance among fibroblast subtypes, we conducted
pairwise gene set enrichment analysis on various fibroblast subtypes.
Statistical significance among distinct fibroblast subtypes was deter-
mined through a hypergeometric test with Benjamini-Hochberg
correction for P values. In addition, we evaluated the similarity of
marker genes between different fibroblast subtypes using the Jaccard
index, known as the ratio of gene set intersection to the union.

SCENIC analysis

We performed SCENIC analysis to reveal the TF expression within
fibroblast subtypes using the pySCENIC pipeline (36). First, SCENIC
inferred gene regulatory networks by identifying a set of genes that
were coexpressed with TFs. Then, SCENIC filtered out indirect targets
through cis-regulatory motif analysis. The processed gene regula-
tory networks with significant motif enrichment were identified as
regulons. Last, the AUCell algorithm was used to calculate the activity
score of each regulon in each cell. The regulon specificity score (RSS)
comparing fibroblast subtypes was calculated by calcRSS function in
R. The heatmap was used to visualize the RSS of the top three by
fold difference between fibroblast subtypes.

Trajectory analysis

The Monocle2 (v2.20.0) (37) algorithm was applied to construct
potential cell trajectories for fibroblast subtypes. Subsequently, the
DEGs between fibroblast subtypes were used to sort cells in the tra-
jectories. The DDRTree method and orderCells function were ap-
plied to reduce dimensionality and identify cell states, respectively.
The branch with a high CytoTRACE score and a low EMT score was
selected as the root (10, 38). The EMT scores were calculated using
the AUCell algorithm based on a set of EMT-related gene sets
downloaded from the MSigDB. In addition, we collected a set of
gene signatures of resident fibroblasts obtained from the work of
Heidegger et al. (15). The resident fibroblast scores were then calcu-
lated using the AUCell algorithm.

Correlation analysis

In trajectory analysis, we explored the relationship between differ-
ent functional states of cell differentiation trajectories at the TF lev-
el. Specifically, we calculated the average RSS for each regulon in
each state and performed Pearson correlation analysis to calculate
correlation coefficients of RSS between different states. The heatmap
was used to label and visualize the correlation coefficients. In addi-
tion, we collected a set of 526 signature genes overexpressed during
cellular senescence from a meta-analysis (16). The cellular senescence
scores were calculated using the AUCell algorithm. Among fibro-
blasts with available age information, we filtered out fibroblast
subtypes with less than 100 cells in each tissue. Subsequently, we
performed Pearson correlation analysis in each tissue to explore the
changes in cellular senescence with age. Only fibroblast subtypes with
P values less than 0.05 for the correlation analysis were visualized in
the heatmap.

Cell interaction analysis

In each dataset, fibroblasts were classified into corresponding
subtypes based on our defined fibroblast atlas. To investigate cell
interactions between fibroblast subtypes and between fibroblast
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subtypes and other cell types, we performed CellPhoneDB (v4.1.0)
(39) analysis using the Python pipeline. CellPhoneDB inferred the
potential interaction strength between two cell types based on the
expression levels of ligand or receptor genes. We only selected li-
gand or receptor genes expressed in more than 10% of cell types. In
addition, we randomly permuted the labels of all cells 1000 times
to calculate the significance of each receptor-ligand pair. The P val-
ues less than 0.05 were considered indicative of specific interac-
tions between cell types. Subsequently, we identified and visualized
specific receptor-ligand interactions using CellChat (v1.1.3) (40),
which systematically categorized receptor-ligand pairs into func-
tionally related signaling pathways. After creating the CellChat ob-
jects, we set up a reference database based on the secretory signaling
pathways and identified potential receptor-ligand interactions with
default parameters.

Association of fibroblast subtypes with genomic alterations
and metastasis

To investigate the associations between fibroblast subtypes with ge-
nomic alterations and metastasis, we collected TCGA pan-cancer
data. Mutation annotations, gene expression profiles, and clinical
information of TCGA pan-cancer samples were obtained from the
cBioportal (https://cbioportal.org/). Functional gene mutations were
defined as nonsilent in the variant classification. In each cancer type,
we specifically considered gene mutations detected in at least 5%
of the samples for subsequent analysis. Metastasis status was deter-
mined on the basis of the clinical stage of the patients. For a given
fibroblast subtype, each tumor sample was scored according to its
marker genes using the single-sample gene set enrichment analysis
(ssGSEA). Subsequently, we explored the associations by calculating
the difference in fibroblast subtype scores between samples with and
without gene mutations or metastasis, and P values were computed
by the Wilcoxon rank-sum test. The Benjamini-Hochberg method
was applied to correct these P values, and adjusted P values less than
0.05 were considered statistically significant.

Survival analysis

We used the gene expression profiles from TCGA pan-cancer data,
and only patients with available survival information were selected
for further analysis. Fibroblast subtype scores for each sample were
also calculated on the basis of their marker genes using the ssGSEA
algorithm. We used univariate Cox regression analysis to evaluate
the impact of fibroblast subtypes on OS, and P values were obtained
through the log-rank test. For a given cancer type, fibroblast sub-
types with a hazard ratio (HR) greater than 1 and P value < 0.5 were
identified as risk factors, while fibroblast subtypes with HR less than
1 and P value < 0.5 were identified as protective factors. Subsequently,
tumor samples from different cancer types were divided into high and
low groups along the median of fibroblast subtype scores, and the
Kaplan-Meier method was used to fit the survival curves between
the high and low groups.

ST data analysis

We obtained three ST datasets from the Gene Expression Omnibus
(https://ncbi.nlm.nih.gov/geo/), including GSE211956, GSE208253,
and GSE203612, where GSE203612 was obtained from a pan-cancer
study (41). The gene expression count matrices and corresponding
histology images for the three ST datasets were downloaded and
processed using the R package Seurat (v4.2.1). For each ST slice,
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spots with fewer than 200 features were excluded from downstream
analysis. The raw count matrices were normalized using the func-
tion SCTransform in Seurat.

Cell type deconvolution and TSPAN8* chromatin remodeling
fibroblast mapping

We used the RCTD (42) method to predict the underlying cell com-
position at each spot. This method required annotated scRNA-seq
data as a reference. For the GSE203612 and GSE211956 datasets, we
used their matched scRNA-seq datasets as references. In the case of
the GSE208253 dataset, we chose the single-cell oral squamous cell
carcinoma dataset GSE172577 as a reference. The preprocessing,
clustering, and annotation for the three scRNA-seq datasets were
consistent with the above description. Subsequently, RCTD created
a spatial map of cell types by fitting the ST data at each spot to a
linear combination of individual cell types. We ran the RCTD func-
tion with doublet mode and used the first cell type as the identity of
the spot. The SpatialDimPlot function in Seurat was applied to proj-
ect the spatial locations of fibroblasts directly on histology images.
After that, we examined the expression of the TSPANS gene at
fibroblast-enriched spots using the SpatialFeaturePlot function in
Seurat and further mapped the spatial locations of TSPAN8* chro-
matin remodeling fibroblasts. Within the spots where the first cell
type was identified as fibroblasts, we constructed a 2 by 2 contin-
gency table based on whether it belonged to the TSPANS* chroma-
tin remodeling fibroblast and whether the second cell type was
endothelial cell. The Fisher’s exact test was then applied on this con-
tingency table to calculate the statistical significance.

Immunofluorescence staining

Human paired tumor samples and adjacent samples were obtained
from the Harbin Medical University Cancer Hospital. All of the pa-
tients or their guardians provided written consent. The study was
approved by the Ethics and Scientific Committees of the Harbin
Medical University Cancer Hospital. Tumor tissues and adjacent tis-
sues were fixed in 4% paraformaldehyde, embedded with Tissue-
Tek optimal cutting temperature (OCT) (Sakura), and then stored at
—80°C. Five-micrometer-thickness OCT sections were acetone-
fixed and then blocked in phosphate-buffered saline with 50% goat
serum and 0.4% Triton penetration. TSPANS (1:200, ABclonal) and
FAP (1:100, Santa Cruz) were costaining in OCT sections. Primary
antibodies were incubated overnight at 4°C. Alexa Fluor secondary
antibodies (1:1000, Cell Signaling Technology) were incubated for
1 hour at room temperature. 4’,6-Diamidino-2-phenylindole (1:500,
Beyotime) was used to visualize nuclei. Confocal microscopy images
were obtained by a Zeiss LSM 800 microscope.

Preprocessing of ICl data

We collected a total of 20 bulk transcriptome datasets on ICIs
from public databases and general literature searches (table S4).
The collected datasets, each with at least five responders and five
nonresponders, were retained for further analysis. In therapy re-
sponse information, patients with complete response, partial re-
sponse, and stable disease were considered responders, while patients
with progressive disease belonged to nonresponders. In addition, we
also collected two scRNA-seq datasets to further evaluate the clin-
ical relevance of fibroblast subtypes in the context of ICIs therapy.
After initial filtering, we retained a total of 30 CRC samples and 15
NSCLC samples that received immunotherapy from the GSE205506
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and GSE207422 datasets, respectively. For the scRNA-seq dataset
GSE205506, we used pCR as responders (n = 23) and non-pCR as
nonresponders (n = 7). For the scRNA-seq dataset GSE207422, we
used partial response as responders (n = 9) and stable disease as
nonresponders (n = 6). Single-cell data processing, integration,
clustering, and annotation were conducted in the same manner as
above. Our defined fibroblast atlas was used as a reference to an-
notate fibroblast subtypes via the “SingleR” package (v1.6.1) (43),
which enabled the matching of marker genes to specific cell types.

Association of fibroblast subtypes with immunotherapy

In the bulk transcriptome data with ICI treatment information,
we calculated fibroblast subtype scores for each sample using the
ssGSEA algorithm. Next, each sample was classified into a high or
low group based on the median of fibroblast subtype scores. For
each fibroblast subtype, we used the Fisher’s exact test to evaluate
whether the frequency of therapy response in the high group was
significantly higher than the frequency in the low group (P < 0.05).
In the scRNA-seq data, we used the Ro/e (44) method to assess the
enrichment or depletion of each fibroblast subtype in the context of
therapy response.

Additional statistical analysis

In addition to the statistical analyses described above, all other sta-
tistical analyses in this study were performed using R v4.2.2 (https://
r-project.org/). The significance of P values is shown in the following
way: *P < 0.05; **P < 0.01; ***P < 0.001; ns: no significance.

Supplementary Materials
The PDF file includes:

Figs.S1to S31

Legends for tables S1 to S4

Other Supplementary Material for this manuscript includes the following:
Tables S1 to S4
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