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Abstract

Purpose: Cancer associated fibroblasts (CAFs) are an important component of the tumor
microenvironment (TME), but a systematic investigation of their molecular characteristics and
clinical relevance are lacking. Here, we sought to compare CAFs across multiple cancer types to
identify critical molecular pathways activated in CAF subtypes, which may contribute to clinical
outcome, disease progression, and immunotherapy resistance.

Experimental Design: We performed integrated analysis of CAFs from melanoma (MEL),
head and neck squamous cell carcinoma (HNSC), and lung cancer (LC), and identified the
molecular characteristics that are distinctly active in each CAF subtype. Gene signatures for
individual CAF subtypes were identified and used to study the association of subtype abundance
with clinical outcome and immunotherapy resistance.

Results: We identified six CAF subtypes (pan-CAFs) shared across cancer types and uncovered
the molecular characteristics and genetic pathways distinguishing them. Interestingly, these CAF
subtypes express distinct immunosuppressive factors, such as CXCL12 and CXLC14, and stem-
cell promoting factor IL-6. Additionally, we identified novel transcriptional drivers (MEF2C,
TWIST1, NR1H3, RELB, and FOXM1) key to CAF heterogeneity. Furthermore, we showed that
CAF subtypes were associated with different clinical outcomes and uncovered key molecular
pathways that could activate or suppress cancer progression or were involved in resistance to anti-
PD1 or anti-PD-L1 immunotherapy.
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Conclusions: Our study identifies the molecular characteristics of CAF subtypes shared across
several cancer types, implicates cancer types that may benefit from CAF subtype targeted
therapies, and identifies specific CAF subtypes associated with immunotherapy resistance.

Introduction

The tumor microenvironment (TME) is a complex ecosystem comprised of various cell
types including malignant and stromal cells (1). Cancer associated fibroblasts (CAFs) is
considered one of the most abundant stromal cells and are observed in almost all solid tumor
types (2,3). A body of research suggests that CAFs are implicated in an array of pro-
tumorigenic biological processes including, but not limited to, tumor cell invasion, cancer
stem-cell renewal, chemo-resistance, and immune-cell evasion (4-6). However, in some
cancer types, other studies suggest that CAFs can exert a tumor suppressive effect in the
TME (7-9). The collection of these research endeavors embodies the notion that CAFs are a
heterogenous population of cells and, to ensure precise targeting of tumor promoting CAFs,
we need to better characterize CAF heterogeneity through the identification of specific
markers.

In recent years, single-cell technology has been extensively applied to dissect cellular
heterogeneity of solid tumors (10). Specifically, single-cell RNA-sequencing (SCRNA-seq)
has uncovered the malignant and/or stromal cellular heterogeneity across an array of cancer
types including melanoma (MEL) (11), head and neck squamous cell carcinoma (HNSC)
(12), lung cancer (LC) (13), medulloblastoma (14), pancreatic ductal adenocarcinoma (15),
and glioma (16). As a result of this high-throughput analysis, the transcriptomic
characteristics of CAFs have been described in several cancer types. Whether and how CAF
subsets across different cancer types share similar gene expression profiles and molecular
functions, however, are less clear. Furthermore, the clinical association of CAF subtypes and
their relationship to immunotherapy resistance remains to be established. Here, we postulate
that integrated scRNA-seq analysis of CAFs can provide a more consistent characterization
of CAF subtypes, novel insights into their biological properties, and signaling pathways they
may activate in TMEs, which in turn may influence clinical outcome and immunotherapy
resistance.

Towards these, we have characterized and compared CAFs from three cancer types, MEL,
HNSC and LC, and revealed the molecular and biological characteristics of CAF subtypes in
solid tumors. Using the TCGA database, we further address the valuable prognostic utility of
signature genes for these CAF subsets, providing new insights into how cancers residing in
specific tissue types may benefit from CAF subtype targeted therapy. In distinct cancer
types, we found that different CAF subtypes may activate their own signature molecular
pathways to modulate the TME and resistance to immunotherapy.

Materials and Methods

Datasets

Single cell RNA-seq datasets containing CAFs from MEL (11) and HNSC (12) tumors were
downloaded from the gene expression omnibus (GEO; GSE72056 and GSE103322,
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respectively), while dataset describing LC (13) tumors was from https://doi.org/10.1038/
$41591-018-0096-5. We chose these datasets because they were among the first studies
characterizing CAFs using ScCRNA-seq. TCGA bulk RNA-seq datasets with normalized read
counts and FPKMs (fragment per kilobase of transcript per million mapped reads) were
downloaded from the UCSC Xena platform (17).

CAF scRNA-seq analysis

MEL, HNSC, and LC CAFs were extracted from the full datasets based on the cell type
annotation provided by the authors, but we also performed clustering analysis of all the cells
to confirm the distinction of CAFs from other cell types. CAFs from each of the three
cancers were then analyzed separately using Seurat (v3.1.5) (18), with the cluster numbers
determined by the FindClusters function, using resolutions 0.05 ~ 1.0. The results were
visualized using the uniform manifold approximation and projection for dimension
reduction (UMAP) (19). The final resolutions (MEL, 0.5; HNSC, 0.3; LC, 0.15) were
selected to closely match the CAF-clusters described in the original papers (11-13). The
FindMarkers function was used to perform differential gene expression analysis with a
Wilcoxon rank sum test to define marker genes for each CAF cluster, compared to all other
cell types. The marker genes were subject to Gene Ontology (GO) analysis using the
ClueGO (20) plugg-in via Cytoscape (21) (v3.7.1) with GO-Biological Process, KEGG-
KEGG, and REACTOME-reactions as the ontologies and pathways. The enrichment for a
GO term or pathway was considered significant at p < 0.05.

To compare and identify CAF sub-populations across cancer types, CAFs from MEL, HNSC
and LC datasets were integrated using canonical correlation analysis (CCA) via Seurat (18).
The final clustering resolution was selected so that each identified cluster had at least 10
marker genes (false discovery rate (FDR) < 0.05) with > 2-fold higher in expression
compared to all other clusters. A bi-clustering heatmap was used to examine the specificity
of the selected markers for all CAF subtypes.

Spatial distribution of pan-CAF subtypes analysis

The gene expression matrix of the integrated CAF scRNA-seq data, with the pan-CAF
clustering labels, was uploaded to the CIBERSORTX (22) web server to generate a gene
expression profile (GEP), using default settings except that the numbers of minimum and
maximum genes for the GEP were set to 50 and 150, respectively. With this GEP and default
parameters, CIBERSORTX estimated the pan-CAF abundances in bulk RNA-seq samples
that were derived from three to six regional biopsies of tumors from patients (one tumor per
patient) with non-small cell lung cancer (23). These RNA-seq data was downloaded from the
GEO (GSE112996).

Transcription factor analysis

Using the transcription factor (TF) database described by Lambert et a/ (24), we identified
which of the CAF subtype marker genes were TFs. To identify gene regulatory networks,
target genes of pan-CAF specific TFs were identified and extracted from SCENIC (25)
(v1.1.2.2). We then evaluated if the target genes of the identified TFs were enriched in the
same pan-CAF subtypes.
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Survival analysis using TCGA data

Using the MEL, HSNC and LC scRNA-seq data, we identified pan-CAF subtype specific
gene signatures by considering both CAF and non-CAF cells. For each of the three cancer
types, we performed differential gene expression analysis between cells belong to a
particular pan-CAF subtype and all the other cells via the FindMarkers function in Seurat
(18). Genes that were expressed significantly higher (adjusted p < 0.05 and log2[fold
change] > 0.25) in the selected pan-CAF subtype than the other cells in all three cancer types
and were also identified as pan-CAF subtype markers in our integrated clustering analysis
were used as the pan-CAF specific signature genes.

The expression of these pan-CAF specific signature genes was extracted from the
normalized FPKM values in the TCGA RNA-seq datasets of 31 cancer types. The FPKMs
for each gene in a pan-CAF gene signature were used to compute Z-scores for each tumor
sample. These Z-scores were then averaged to yield a single value, representing the overall
expression of the signature genes in a tumor sample, with greater value meaning higher
expression. For a cancer type, survival analysis was performed by dividing patients into
quartiles based on the Z-scores. Quadrant 1 (tumors with the highest Z-score) were
compared to Quadrant 4 (tumors with the lowest Z-score) for a CAF subtype. A log-rank
and hazard ratio (HR) test were used to determine statistical significance between the two
patient groups. Benjamini & Hochberg method was used to adjust for multiple comparisons
for the log-rank p-values using the p.adjst function in R studio to calculate FDR. Cancer
types with an FDR < 0.05 were used for further downstream analyses. For a more robust
survival analysis, a univariate cox proportional hazards model was also performed with CAF
subtype specific Z-score as a continuous variable. Furthermore, via STATA/IC 15.1,
multivariate analysis was performed with CAF subtype specific z-scores while adjusting for
age and gender as a continuous and dichotomous variable, respectively.

Gene set enrichment analysis

Association

Of the cancer types showing a significant survival difference (FDR < 0.05) among tumors
with high and low expression of signature genes for a pan-CAF subtype, gene set
enrichment analysis (GSEA) (26) was performed. Specifically, differential expression
between tumors in Quadrant 1 and 4 was determined using DESeq2 (version 1.26.0) (27).
The genes were ranked by multiplying the -log2-transformation of the p-value with the sign
of the log2(fold change). Gene sets in the REACTOME database were analyzed, with
significant set to FDR < 0.001. To reduce redundancy and group enriched terms with
overlapping genes, GSEA result was visualized and interpreted using the enrichment map
(28) plug-in for cytoscape (21) (v3.7.1).

with immunotherapy resistance

We analyzed the transcriptome data in metastatic bladder and kidney metastatic tumors
resistant to anti-PD-L1 immunotherapy (http://research-pub.gene.com/
IMvigor210CoreBiologies) (29) and melanoma tumors resistant to anti-PD-1
immunotherapy (GEO: GSE78220) (30). The marker genes for individual pan-CAF subtypes
were utilized as sets by the GSEA (26) to determine their significant enrichment between the
therapeutically resistant or sensitive groups (FDR < 0.05), as described above.
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Results

Molecular characterization of CAF heterogeneity for individual cancer types

High throughput technology (e.g., SCcRNA-seq) offers a novel, robust, and systematic way to
characterize CAF heterogeneity by molecular profiles. Thus, we obtained sScRNA-seq data
containing CAFs from MEL (11), HNSC (12), and LC (13) tumors, extracted the CAFs, and
subclustered them to study CAF heterogeneity within each cancer type (Fig. 1). Next, we
performed integrative and comparative analysis of the CAFs to identify pan cancer CAF
(pan-CAF) subtypes and their corresponding molecular features (Fig. 1). Finally, using over
10,000 RNA-seq samples describing 31 cancer types, the association of pan-CAF specific
gene signatures to clinical outcome, TME signaling pathways, or resistance to immune
checkpoint blockade (ICB) was assessed (Fig. 1).

To start, we first performed CAF-focused sub-clustering analysis using Seurat (18) to
confirm that we retrieved the correct cells and that our method could reproduce the
clustering results in the original studies (11-13). As detailed in Supplementary Figure 1,
although our CAF-focused analysis generated more consistently annotated CAF subclusters
than the original work, partially due to the usage of same method and similar markers, it
largely matched the previous CAF classifications but with some differences, for example, we
distinguished melanoma CAFs from one to two subclusters.

Identification and molecular characterization of six pan-CAF subtypes

Although the CAF analysis of individual cancers (Supplementary Figure 1) shows common
CAF subtypes across cancers, it remains unclear to what extent CAFs from different cancer
types are related. To address this more precisely, we needed to perform integrated data
analysis to remove batch effects and align gene expression among datasets. Therefore, we
integrated CAFs from the three cancer types using Seurat (18). High-resolution clustering of
the integrated data identified seven CAF subtypes (Fig. 2A), referred as pan-CAF 1-7. These
pan-CAF subtypes were present across the three cancer types but at different abundances
(Fig. 2B), and their relationship to the CAF subtypes identified from above study of
individual cancers was analyzed (Supplementary Table 1). The result demonstrates the value
of integrated analysis because such a fine separation was only feasible after cells from more
than one cancer type were pulled together. Pan-CAF 1 comprised of 1007 cells (53.8% of all
CAFs, red) (Fig. 2A) and was classified as pan-myCAFs, based on elevated expression of
activated fibroblast markers (ACTA2) and smooth muscle cell markers (MYH11, MCAM,
TAGLN, and MYLK) (Fig. 2C). GO analysis of its marker genes showed enrichments of
gene sets related to smooth muscle contraction and vascular wound healing (Fig. 2D). Pan-
CAF 2 comprised of 815 cells (28.3%, brown) (Fig. 2A) and was classified as pan-dCAFs,
based on elevated expression of genes coding for collagen (COL1A1, COL3A1, etc.) and
genes associated with GO terms of extracellular matrix (ECM) remodeling (Fig. 2D). Pan-
CAF 3, comprised of 588 cells (20.5%, dark green), was characterized as pan-iCAFs based
on high expression of CFD, C3, CXCL14, and CXCL12(Fig. 2C) and GO term enrichment
for inflammation (Fig. 2D). Pan-CAF 4, comprised of 202 cells (7.0%, light green) (Fig.
2A), was classified as pan-iCAFs-2 because these cells had high and unique expression of
genes related to inflammation, including CXCLZ2 (Fig. 2C). Furthermore, GO analysis of
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pan-iCAF-2 marker genes found enrichment for NF-kB signaling pathway (Fig. 2D). Pan-
CAF 5 comprised of 158 cells (5.5%, blue) (Fig. 2A) and was categorized as normal
fibroblast (pan-nCAF) due to the enrichment of its marker genes for homeostasis (Fig. 2C).
Pan-CAF 6 comprised of 69 cells (2.4%) and represented a low quality cellular cluster (LQ-
CAF) without detectable marker genes, and thus were left out of further analysis (Fig. 2A).
Pan-CAF 7, comprised of 34 cells (1.2%) (Fig. 2A, pink), was classified as pan-pCAF
because of elevated expression of genes related to cell cycle (BIRC5, TOPZA, etc.) (Fig.
2C), and enrichment of GO terms associated with cellular proliferation (Fig. 2D). In
addition, Seurat’s cell cycle analysis also showed that this cluster were enriched for genes
related to the S phase of cell cycle (Fig. 2E). Note that we tested and validated the
robustness of our classification of seven pan-CAFs by subsampling 75-90% of cells for
clustering analysis (Supplementary Table 2).

Next, gene sets curated by Qian ef a/ (31) that described key CAF-related biological
processes were used to further annotate the phenotypic and functional heterogeneity of the
pan-CAFs. The analysis showed that pan-myCAFs expressed a distinct set of collagens
(COL4A1, COL4AZ, etc.), genes involved in angiogenesis (EGFL6, ANGPTZ, and
PDGFA), smooth muscle-related contractile genes, and RAS superfamily members (Fig.
2F). Pan-dCAFs expressed a different set of collagens (COL1A1, COL7A1, COL10A1,
etc.), MMPs, TGFB-signaling molecules and ECM related genes (Fig. 2F). Similarly, we
found that pan-pCAFs had a similar gene expression pattern with pan-dCAFs, suggesting
that pan-pCAFs are proliferating pan-dCAFs (Fig. 2F). Lastly, both pan-iCAFs and pan-
iCAFs-2 had low expression of collagen genes but high expression of pro-inflammatory
molecules (Fig. 2F). Specifically, pan-iCAFs highly expressed pro-inflammatory and
immunosuppressive factors 1L-33, CXCL12, and CXCL14, while pan-iCAFs-2 highly
expressed CXCL1-3, CCL2, IL-6, and IL-7 (Fig. 2F). These results highlight the similarity
and difference among pan-CAF subtypes, as well as relevant cytokines and immune factors
that could be produced by each CAF subtype for mediating its specific interactions with
other TME or tumor cells. Lastly, to provide a framework for future experimental
identification and isolation of pan-CAF subtypes, we identified marker genes that produce
proteins on the surface of cellular membranes using the cell surface protein atlas database
(32) (Fig. 2G).

Collectively, these results describe the transcriptomic and molecular characteristics of CAF
subtypes commonly observed across multiple cancer types. In addition, we provide a
framework for the isolation of pan-CAF subtypes for functional assays by delineating cell
surface specific marker genes.

Intra- and Inter-tumor CAF heterogeneity

An interesting question is the spatial distribution of pan-CAFs in tumors. To address this, we
used CIBERSORTX to estimate the proportions of pan-CAF subtypes in samples used for
bulk RNA-seq (22). Although spatial RNA-seq data were reported previously for MEL (33)
and LC (34), we were only able to obtain the dataset from tumor samples of hon-small-cell
lung cancer (NSCLC) (23). The bulk RNA-seq data were from three to six regions (T1-T6)
of twelve tumors in twelve patients. Using CIBERSORTX and our integrated pan-CAF
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scRNA-seq data, we found that in general the estimated pan-CAF abundances showed a
large variation among tumors/patients but a relatively small variation in samples taken from
different regions of the same tumors (Supplementary Fig. S2). However, some regional
biopsies were enriched for specific pan-CAF subtypes. For example, for the samples from
patient 160003805, biopsy T2 and T5 showed a relatively reduced proportion of pan-iCAF
compared to T3 and T4 (Supplementary Fig. S2B). Overall, the relative abundance of pan-
CAFs estimated for these bulk RNA-seq samples is consistent with what was seen in our LC
scRNA-seq data (Fig. 2).

Pan-CAF subtype specific transcription factors and gene regulatory networks

We next sought to identify transcription factors (TFs) and their targeted gene regulatory
networks in order to better understand how pan-CAF subtypes are established and
maintained genetically. For this, we applied the software SCENIC (25) to identify TFs and
their targets that are highly active in one pan-CAF subtype vs others. We observed that pan-
myCAF were enriched for the MEF2C (Fig. 3), which was previously suggested to regulate
neo-angiogenesis (35). In addition, target genes for MEF2C such as MYLK, ACTAZ, and
others were all upregulated in pan-myCAFs (Fig. 3B). 7TWIST1 was among the TFs highest
expressed in pan-dCAFs (Fig. 3), and it is a key factor for CAF transdifferentiation (36, 37).
Furthermore, target genes for 7TWIST1 (TWISTZ, COL1A1, MMP2, etc.) were all
upregulated in pan-dCAFs (Fig. 3C). Pan-iCAFs and pan-iCAFs-2 showed high expression
of NR1IH3 (Fig. 3), a key regulator known to control transcriptional programs associated
with inflammation (38). Target genes for NRIH3 (/L-33, CXCL14, CXCL12, etc.) were all
upregulated in pan-iCAFs (Fig. 3D). In addition to NR1H3, pan-iCAFs-2 showed high
expression of NF-kB subunit RELB, a known co-factor involved in promoting inflammatory
transcriptional programs (38, 39). Furthermore, the key RELB target pro-inflammatory
genes (CXCL2, TNFAIP3, etc.) were upregulated in Pan-iCAFs-2 (Fig. 3E). Lastly, pan-
pCAFs showed high expression of FOXM1, which is implicated in cellular proliferation
(40). In addition, known cycle regulatory target genes of FOXM1 (BIRC5, CDK1, etc.) were
upregulated in pan-pCAFs (Fig. 3F). Collectively, these results identify key TFs driving or
maintaining the gene expression programs in identified pan-CAF subtypes, providing further
insights into the gene regulatory networks underlying CAF heterogeneity.

Pan-cancer assessment of the prognostic utility of pan-CAF subtype-specific gene

signhatures

Previous studies suggest that CAFs can exert an anti-tumorigenic effect in the TME can lead
to disease exacerbation in distinct cancer types (7-9). We wonder if this is related to CAF
subtypes present differently in various cancers. Thus, we sought to assess how cancer type
and tissue of origin may shape the CAF landscape of tumors and the pro- and anti-
tumorigenic properties of identified pan-CAF subtypes. To address this, we curated pan-
CAF subtype specific gene signatures and used them to estimate pan-CAF abundances
across 31 cancer types available through the TCGA, using higher expression of the signature
genes as a proxy for greater abundance of a pan-CAF subtype. Because the pan-CAF gene
markers (Fig. 2) were defined to best distinguish CAF subtypes, we refined them by
considering gene expression levels in tumor, immune, and other stroma cells to obtain more
specific signature genes (see Methods and Supplementary Table S3). With them, we
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assessed the prognostic utility of our curated pan-CAF subtypes. We found that the
expression of pan-myCAFs signature genes was highest in cholangiocarcinoma (CHOL) and
lowest in kidney chromophobe (KICH) and kidney renal papillary cell carcinoma (KIRP)
(Supplementary Fig. 3A). A high expression of pan-myCAFs sighature genes was correlated
with a poor prognosis in bladder urothelial carcinoma (BLCA) (Fig. 4A) and KIRP
(Supplementary Fig. 3A), suggesting that pan-myCAFs may have a pro-tumorigenic effect
in the BLCA and KIRP TMEs. The expression of pan-dCAFs signature genes was highest in
CHOL and breast cancer (BRCA) and lowest in KICH (Supplementary Fig. 3B). In addition,
high expression of pan-dCAF gene signature was correlated with a poor prognosis in
stomach adenocarcinoma (STAD) (Fig. 4B), kidney renal clear cell carcinoma (KIRC) (Fig.
4C), uveal melanoma (UVM), KIRP, mesothelioma (MESQO), and low grade glioma (LGG)
cancer types (Supplementary Fig. 4B-E). The expression of pan-iCAF signature genes was
highest in uterine carcinosarcoma (USC) and lowest in KICH (Supplementary Fig. 3C). In
addition, high expression of pan-iCAFs signature genes was correlated with a poor
prognosis in LGG (Fig. 4D). Furthermore, the expression of pan-iCAFs-2 genes was highest
in KIRC and lowest in KICH (Supplementary Fig .3D). In addition, high expression of the
iCAFs-2 genes was correlated with a poor prognosis in LGG (Supplementary Fig. 4F), while
high expression of iCAFs-2 signature genes was correlated with a favorable clinical outcome
in skin cutaneous melanoma (SKCM) (Fig. 4E). The expression of pan-pCAF signature
genes was highest in CHOL and lowest in LGG (Supplementary Fig. 3E). High expression
of the pan-pCAF genes was correlated with a poor prognosis for several cancer types
including in MESO (Fig. 4F), KIRC, KIRP, and LGG (Supplementary Fig. 4G-I). To better
assess the prognostic utility of our curated pan-CAF subtype gene signatures, we performed
multivariate cox proportional hazard modeling while adjusting for age and gender. The
results support a significant association of high expression of pan-CAF subtype specific
signature genes with clinical outcomes for each of the cancer types described above
(Supplementary Table S4).

Hierarchical clustering of hazard ratios (HRs) for individual pan-CAF gene signatures
indicates that TCGA tumors can be categorized into three groups. The first group consists of
tumor types in which the majority of pan-CAF subtypes were strongly correlated with a poor
prognosis: MESO, adrenocortical carcinoma (ACC), KIRP, UVM, thyroid carcinoma
(THCA), glioblastoma (GBM), STAD, BLCA, LGG, testicular germ cell tumors (TGCT),
and KICH (Fig. 4G). The second group consists of tumor types in which the majority of
pan-CAF subtypes were moderately to not correlated with prognosis: uterine
carcinosarcoma (UCS), esophageal carcinoma (ESCA), uterine corpus endometrial
carcinoma (UCEC), HNSC, thymoma (THYM), SKCM, BRCA, CHOL, ovarian serous
cystadenocarcinoma (OV), colon adenocarcinoma (COAD), lung squamous cell carcinoma
(LUSC), rectum adenocarcinoma (READ), lung adenocarcinoma (LUAD), liver
hepatocellular carcinoma (LIHC), cervical squamous cell carcinoma (CESC), pancreatic
adenocarcinoma (PAAD), and KIRC (Fig. 4G). The third and final group consists of tumor
types in which the majority of pan-CAF subtypes were correlated with a favorable
prognosis: prostate adenocarcinoma (PRAD) and pheochromocytoma and paraganglioma
(PCPG) (Fig. 4G). Collectively, these results indicate how cancer type and tissue of origin
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shape the CAF landscape and provide insight to which pan-CAF subtypes may contribute to
a tumor promoting or tumor suppressive role in specific cancer types.

Association of Pan-CAF subtypes with specific molecular functions in tumors

Since we observed that individual pan-CAF subtypes were correlated with a poor prognosis
in specific cancer types, we sought to identify the molecular pathways that are deregulated in
the tumors with greater abundance of the pan-CAF subtypes. For the cancer types in which a
pan-CAF subtype was significantly associated with either poor or favor prognosis, we
applied ranked gene set enrichment analysis (rGSEA). To better illustrate how functionally
related gene sets were enriched (red color) or depleted (blue color) across multiple cancers,
results were organized as a network (Fig. 5). This analysis revealed key and interesting
similarities across cancer types among cancers with increased activities of pan-myCAFs,
pan-dCAF, pan-iCAF, pan-iCAF-2, and pan-pCAF (Fig. 5). Specifically, tumors with
increased abundances of these five pan-CAF subtypes showed a significant enrichment for
active gene sets (nodes) associated with immune cell activation and ECM and collagen (Fig.
5), suggesting a likely common function of CAFs. The immune cell activation gene sets
largely consisted of nodes related to innate immune response, while the ECM and collagen
enrichment were mostly from nodes related to ECM remodeling (Fig. 5). However, when
considered the total numbers of gene sets associated with immune cell activation, pan-iCAF
and pan-iCAF-2 were linked to the highest number of gene sets (26 and 29, respectively)
compared to pan-myCAF, pan-dCAF, and pan-pCAF (22, 22, and 23, respectively) (Fig. 5).
Conversely, pan-iCAF and pan-iCAF-2 were associated with the lowest number of enriched
gene sets (8 and 10, respectively) of ECM and collagen, compared to pan-myCAF, pan-
dCAF, and pan-pCAF (14, 13, and 15, respectively) (Fig. 5 C, D). This result suggests that
pan-iCAFs and pan-iCAFs-2 are potentially associated with a molecular microenvironment
with enhanced immune cell activation while pan-myCAF, pan-dCAF, and pan-pCAF are
associated with a molecular microenvironment that favors ECM remodeling.

This analysis also revealed several other notable differences. Compared to tumors with a
high proportion of pan-iCAF, pan-iCAF-2, or pan-pCAF, the tumors with a high proportion
of pan-myCAF exhibited the highest number of gene sets (n = 4) associated with smooth
muscle cell contraction (Fig. 5). In addition, compared to tumors with a high proportion of
pan-myCAF, pan-dCAF, and pan-pCAF, tumors with a high proportion of pan-iCAF showed
an increase in the number of gene sets associated with signaling by interleukins (Fig. 5),
suggesting that pan-iCAFs are likely associated with a more inflammatory molecular
microenvironment. Lastly, cancers with increased proportions of pan-dCAFs and pan-pCAFs
showed positively enriched gene sets associated with cell cycle, suggesting that tumors with
a high proportion of pan-dCAF and pan-pCAF are associated with a molecular
microenvironment with an enhanced cell cycle potential (Fig. 5A, C).

Taken together, this data suggests that distinct pan-CAF subtypes reside in molecular TMEs
that may provide favored or unfavored environments to facilitate or hinder tumor
development across various cancer types, by activating or suppressing specific gene
pathways, a hypothesis that need to be tested by future functional assays.
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Association of Pan-CAF subtypes with anti-PD1 and anti-PD-L1 resistance

Therapeutic antibodies targeting programmed death-ligand 1 (PD-L1) or programmed
death-1 (PD-1) can induce a robust and durable response among patients diagnosed with
metastatic urothelial cancer (29) and metastatic melanoma (30). Since we observed specific
pan-CAF subtypes express immunosuppressive inflammatory factors (e.g., CXCL12,
CXCL14), we studied if pan-CAF subtypes are associated with the effectiveness of immune
targeting therapy. For this, we obtained two public datasets that describe the transcriptomic
features of metastatic urothelial tumors treated with anti-PD-L1 (29) and metastatic
melanoma tumors treated with anti-PD-1 (30). We used our curated pan-CAF subtype
specific signature genes to perform GSEA analysis between patients with progressive
disease (PD) and patients with complete response (CR) or partial response (PR) upon either
anti-PD-L1 or anti-PD-1 treatment. The result showed a positive and significant enrichment
of gene sets associated with pan-myCAF, pan-dCAF, pan-iCAF, and pan-pCAF among
metastatic bladder cancer patients who experienced PD when receiving anti-PD-L1 (Fig.
6A). Similarly, we found a positive and significant enrichment for gene sets associated with
pan-myCAF, pan-dCAF, pan-iCAF, pan-pCAF, and pan-iCAF-2 in metastatic melanoma
patients who experienced PD while receiving anti-PD-1 (Fig. 6B). However, we only
observed a positive and significant enrichment of gene sets associated with pan-dCAF
among patients diagnosed with metastatic kidney cancer who experienced PD when treated
with anti-PD-L1 (Fig. 6C). Collectively, these results suggest that specific pan-CAFs are
potentially associated with ICB resistance in metastatic bladder, melanoma, and kidney
cancer.

Discussion

We provide genetic features for six pan-CAF subtypes that are commonly observed across
cancer types, including a myofibroblast-, desmoplastic-, two inflammatory-, normal-, and a
proliferating-like CAF. Using the TCGA database, we study the clinical relevance for
individual pan-CAF subtypes and link pan-CAF subtypes with underlying gene expression
programs that can play critical roles in tumor biology, clinical outcome, and ICB resistance.

A few previous studies have investigated the similarities of CAF heterogeneity across cancer
types. A recent scRNA-seq study profiled CAFs from LC, colorectal cancer, and ovarian
cancer (31). Similar to their findings, we observe a myCAF population that is characterized
by high expression of smooth muscle related contractive genes and activated fibroblast
markers (i.e., ACTA2). However, we also observed that pan-myCAF highly express genes
related to angiogenesis (31). This difference is important and consistent with a previous
study in pancreatic ductal adenocarcinoma (PDAC) models that linked AC7A2+ CAFs to
angiogenesis (8). Furthermore, a sSCRNA-seq study profiling stroma cells from triple negative
breast cancer (TNBC) (41) and breast cancer (42) characterize myCAFs as having elevated
expression of activated fibroblast markers, suggesting that pan-myCAF might be conserved
in breast cancer. In addition, our findings suggest that BLCA and KIRP may benefit the
most from pan-myCAF targeted therapy. The poor clinical outcome observed among
patients diagnosed with these cancer types might be linked to the activation of underlying
pathways associated with smooth muscle cell contraction and innate immune cell activation.
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Innate immune cell activation is associated with establishing an immunosuppressive
microenvironment which may also elucidate a potential explanation as to why pan-myCAFs
are linked to ICB resistance in metastatic bladder and melanoma cancer.

Our pan-cancer characterization of CAF heterogeneity led to the discovery of two CAF
subtypes involved in ECM remodeling: pan-dCAF and pan-pCAF. Pan-dCAF showed
elevated expression of 7W/ST1, suggesting that epithelial-mesenchymal-transition (EMT)
may be required for the transdifferentiation of this highly invasive CAF phenotype (43).
Consistently with this, previous studies have shown that depletion of 7W/S71in CAFs
derived from both ESCC and STAD led to reduced tumor cancer cell migration and invasion
(36, 37). Indeed, our pan-cancer TCGA analysis showed that pan-dCAFs were correlated
with a poor prognosis in STAD, further highlighting the clinical relevance of pan-dCAFs in
this stomach cancer. In addition, we found that pan-dCAFs highly express S7C-1, which - in
studies using CAFs derived from colorectal cancer - has been implicated in promoting tumor
cell intravasation and metastases (44). Interestingly, we observed that pan-dCAFs also
highly express VEGFA and PDGFC soluble factors, suggesting this CAF subset may
contribute to the establishment of a pro-angiogenic microenvironment essential for cancer
cell invasion and metastases (45). Lastly, our findings suggest that STAD, KIRC, UVM,
KIRP, MESO, and LGG are cancer types that might benefit the most from potential
therapeutic intervention targeting pan-dCAFs. Importantly, positive enrichment of cell cycle
gene sets and an expansion in the number of gene sets associated with the ECM and
collagen annotation was observed in cancer types that had a poor clinical outcome
associated with pan-dCAFs, suggesting key molecular pathways that pan-dCAFs modulate
in the TME. Lastly, pan-dCAFs were enriched in metastatic melanoma, bladder, and kidney
tumors resistant to ICB therapy. A review of the leading edge genes driving enrichment of
pan-dCAFs in these ICB resistant tumors pointed to the potential important factors, 7GFB1
and genes related to collagen. Indeed, inhibition of 7GFB1 and downstream signaling
pathways has been shown to significantly improve response to ICB therapeutic intervention
(29). Lastly, the production of collagens in the TME might provide a physical barrier that
impairs adaptive immune cell trafficking to sites of neo-antigen presentation.

In our pan-cancer characterization of CAFs, we identified a novel subtype defined as pan-
pCAF. This pan-CAF phenotype displays gene expression patterns similar to what was
observed in pan-dCAFs; however, a fundamental distinction is that pan-pCAF had
upregulation of gene programs associated with cell cycle. Single cell RNA-seq analysis of
CAFs derived from a mouse breast cancer model also identified a pCAF, suggesting that this
molecular subtype might be conserved across species (46). In addition, we observe a positive
and significant enrichment of pan-pCAFs in metastatic bladder and melanoma tumors
resistant to ICB therapy, and, similar to pan-dCAF, genes related to collagen were primarily
driving enrichment. Overall, the identification of pan-pCAF subtype merits further study
into the different contexts of how this subtype is derived and why the proliferation of
specifically the dCAF is favored for tumor development and pathogenesis.

Pan-cancer characterization of CAFs led to the discovery of two inflammatory CAF
subtypes: pan-iCAF and pan-iCAF-2. Importantly, both pan-iCAF and pan-iCAF-2 highly
expressed genes involved in complement cascade activation. A previous study showed that
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complement component 5 (C5) indirectly contributes to suppressed T-cell activity in the
TME by acting as a chemoattractant for immunosuppressive myeloid cells (47). The
identification of the expression of CAF-subtype specific complement factors merits further
research into the role of these factors in the TME. We observed that pan-iCAF specifically
expressed CXCL12and CXCL14(48,49). Studies in prostate cancer suggest that CAF-
derived CXCL12and CXCL 14 promote macrophage differentiation and M2 polarization
(48,49), thus suggesting that pan-iCAFs may have an immunosuppressive role in the TME.
Our TCGA analysis identified LGG as a cancer type that might benefit from pan-iCAF
targeted therapy. Patients with high pan-iCAFs might be linked to a poor clinical outcome
due to an enrichment of gene sets and pathways related to interleukin signaling, which is
linked to the requirement and activation of innate immune cells and the establishment of an
immunosuppressive microenvironment. Furthermore, our observed enrichment of pan-iCAF
in ICB resistant metastatic bladder and melanoma tumors further highlights the
immunosuppressive roles of pan-iCAFs. Among the core enriched genes for pan-iCAF in
ICB resistant tumors we identify DCN, CFD, C3, and CXCL12; however, the role of these
factors in ICB resistance is largely unknown and warrants further investigation.

For pan-iCAF-2, we observed specific expression of CCLZ. In LIHC, it has been shown that
CAFs contributes to an immunosuppressive microenvironment by recruiting circulating
MDSCs through the secretion of CCL2(50). Furthermore, pan-iCAF-2 specifically
expresses /L-6. Previous studies have shown that CAF-derived IL-6 is implicated in cancer
stem cell self-renewal in breast cancer (5), drug resistance in breast cancer (5) and non-small
cell lung cancer (NSCLC) (51) and CAF-activation (52). In addition, we identified LGG as a
cancer type that might benefit from pan-iCAF-2 targeted therapies. Lastly, we observed
enrichment of pan-iCAF-2 in ICB resistant metastatic melanoma tumors. Among the core
enriched genes for pan-iCAF-2 in ICB resistant tumors we identified CXCL2, however, its
role in ICB resistance is not well studied.

There are a few limitations of our study worth noting. First of all, our work is computational
and omic nature, thus it will be important to validate the CAF markers from our findings to
identify and characterize CAF subtypes in solid tumor tissues using experimental methods
such as fluorescence-activated cell sorting (FACS), immunohistochemistry, and/or
immunofluorescence. Secondly, although we have tried our best to achieve the robustness of
our clustering analysis of CAFs in the three cancer types, we envision that our clustering
results can be further improved and refined with larger datasets (more cells and more tumor
types) and additional software. Thirdly, in our TCGA analysis we relied on the expression of
signature genes to assess the prognostic utility of individual pan-CAFs across cancer types.
While this makes the result more clinically relevant (since it is relatively easy to test the
expression of a few marker genes), the findings can be improved with other orthogonal
approaches for determining cell population abundance, such as FACS. In relation to this, it
would also be interesting to determine the spatial distribution of CAF subtypes, using
technology such as spatial transcriptomics.

In conclusion, we have comprehensively and systematically characterized six-distinct CAF
subtypes commonly observed across multiple cancer types (pan-CAFs). Our work suggests
specific cancer types that might benefit from pan-CAF subtype specific targeted therapy, a
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finding that can be experimentally tested in the future. Importantly, we identify several pan-
CAF subtypes that are related to ICB resistance which can be evaluated in future functional
assays. As the increasing widely usage of single cell technologies, we anticipate that more
datasets including CAFs across an array of other cancer types will become available.
Ultimately, our current study provides a framework for future studies to characterize and
compare CAF heterogeneity across cancer types and research their functional and clinical
roles.
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Translational Relevance

Cancer associated fibroblasts (CAFs) can support or suppress tumor growth. However,
marker genes and molecular mechanisms that distinguish tumor-promoting from -
suppressive CAFs is unclear. In addition, it is not fully understood how tissue of tumor
origin affects the functions of CAFs in distinct tumor microenvironments. Here, at single
cell resolution, we identify and describe the molecular characteristics of six CAF
subtypes across cancer types. Using the TCGA resource, we demonstrate that these CAF
subtypes are strongly associated with a poor or favorable clinical outcome in distinct
cancer types. Importantly, we also study the underlying molecular mechanisms that may
link these CAF subtypes to tumor progression and resistance to immune checkpoint
blockade. Taken together, our work provides substantial evidence for the prognostic
utility associated with CAF subtype specific gene signatures, and identify key molecular
pathways associated with individual CAF subtypes that may contribute to tumor
progression and immunotherapy resistance.
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Figure 1. Schematic illustration of our experimental design and analytic approaches.
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Figure 2. Marker genesand biological processes for pan-CAF subtypes.
(A) UMAP (left) depicting subtypes and heatmap (right) depicting marker genes associated

with pan-CAF subtypes. Pan-myCAF, myofibroblast-like CAFs; pan-dCAF, desmoplastic
CAFs; pan-iCAF and pan-iCAF-2, inflammatory-like CAFs; pan-nCAF, normal
myofibroblasts; pan-pCAF, proliferating CAFs. (B) Fraction of CAF subtypes in individual
cancer types. (C) Dot plot showing expression of marker genes for pan-CAF subtypes. (D)
Enriched gene sets for pan-CAF subtypes. (E) UMAP depicting cell cycle states of pan-CAF
subtypes. (F) Heatmap of expression of genes associated with selected functions. (G)
Heatmap of expression of genes encoding cell-surface proteins.
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Figure 3. TFsand regulatory gene programs associated with pan-CAF subtypes.
(A) Heatmap of gene expression of transcription factors. (B) Violin plot depicting the

MEF2C expression (top) and heatmap depicting MEF2C target genes upregulated in pan-
myCAFs. (C) Violin plot depicting the 7W/ST1 expression (top) and heatmap depicting
TWIST1 target genes upregulated in pan-dCAFs. (D) Violin plot depicting the NR1IH3
expression (top) and heatmap depicting NR1H3 target genes upregulated in pan-iCAFs. (E)
Violin plot depicting the REL B expression (top) and heatmap depicting RELB target genes
upregulated in pan-iCAF-2. (F) Violin plot depicting the FOXM1 expression (top) and
heatmap depicting FOXML target genes upregulated in pan-pCAF.
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Figure 4. Specific pan-CAF subtypeslinked to clinical outcome in distinct cancer types.
Kaplan-Meier plots depicting the survival differences among patients with high and low pan-

myCAF in BLCA (A), pan-dCAF in KIRC (B) and STAD (C), pan-iCAF in LGG (D), and
pan-iCAF-2 in SKCM (E), and pan-pCAF in MESO (F). (G) Clustering of tumor types by
the hazard ratios (HRs) for the six pan-CAF gene signatures. Dot plot in which the size is
related to statistical significance and the color indicates hazard ratio (red = hazard ratio
above one [poor prognosis] and blue = hazard ratio below one [favorable prognosis]). * FDR

<0.05, ** FDR < 0.01.
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Figure 5. Networks of REACTOME termsenriched or depleted in tumorswith high expression
of different pan-CAF signature genes.

Nodes are terms enriched (red circles) or depleted (blue circles) among genes expressed
higher in tumors with increased expression of pan-CAF gene signatures, while edges link
terms with overlapping genes. Connected nodes with similar functions are further
summarized by a more generalized term using Enrichmentmap. In each node, the filled
colors represented results from individual cancer types. (A) pan-myCAF results from BLCA
and KIRP cancers. (B) pan-dCAF results for KIRC, KIRP, LGG, UVM, MESO, and STAD
cancers. (C) pan-iCAF results for LGG. (D) pan-iCAF 2 results for LGG and SKCM
cancers. (E) pan-pCAF for KIRC, KIRP, LGG, and MESO.
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Figure 6. Pan-CAF subtypesin anti-PD1 resistant tumors.
(A) Gene set enrichment analysis for bladder tumors treated with anti-PD1 showing

significant enrichment of pan-myCAF (left), pan-dCAF (left-middle), and pan-iCAF (right-
middle), and pan-pCAF (right) gene signature in the progressive disease (PD) patients
compared to complete response (CR) and partial response (PR) patients. (B) Gene set
enrichment analysis for metastatic melanoma tumors treated with anti-PD1 treatment
showing significant enrichment of pan-myCAF (left), pan-dCAF (left-middle), pan-iCAF
(right-middle), pan-pCAF (right), and pan-iCAF-2 (left-bottom) gene signature in the PD
patients compared to CR and PR patients. (C) Gene set enrichment analysis for kidney
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tumors treated with anti-PD1 treatment showing significant enrichment of pan-dCAF gene
signature in the PD patients compared to CR and PR patients. The heatmaps in each panel
shows the expression difference of the leading edge genes between PD and CR/PR tumors.

Clin Cancer Res. Author manuscript; available in PMC 2021 November 01.



	Abstract
	Introduction
	Materials and Methods
	Datasets
	CAF scRNA-seq analysis
	Spatial distribution of pan-CAF subtypes analysis
	Transcription factor analysis
	Survival analysis using TCGA data
	Gene set enrichment analysis
	Association with immunotherapy resistance

	Results
	Molecular characterization of CAF heterogeneity for individual cancer types
	Identification and molecular characterization of six pan-CAF subtypes
	Intra- and Inter-tumor CAF heterogeneity
	Pan-CAF subtype specific transcription factors and gene regulatory networks
	Pan-cancer assessment of the prognostic utility of pan-CAF subtype-specific gene signatures
	Association of Pan-CAF subtypes with specific molecular functions in tumors
	Association of Pan-CAF subtypes with anti-PD1 and anti-PD-L1 resistance

	Discussion
	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Figure 5.
	Figure 6.

