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Figure 2.  Further characterization of CAF subsets in human NSCLC. A, Stromal cell populations visualized with visualization of t-distributed stochas-
tic neighbor embedding (viSNE) in CyTOF. EC, PvC, and multiple fibroblast subsets can be distinguished with relatively few markers (CD10, CD31, CD34, 
CD73, FAP, CD146, and αSMA). BEC, blood EC; LEC, lymphatic EC; Peri, PvC. B, Top left, highlighting CCL19-expressing cells within ADH1B+ CAF. These 
cells expressed high amounts of CCL19, CCL21, and VCAM1 and low levels of certain ADH1B+ CAF genes such as MYH10 and GPC3 (bottom and right). 
Multiplex IHC of a representative TLS. PDPN and CD20 mark follicular dendritic cells and B cells, respectively, in the B-cell follicle, whereas the T-cell 
zone is identified with CD3 staining. CCL19 and ADH1B staining show ADH1B+ fibroblasts surrounded by the secreted chemokine CCL19, specifically in 
the T-cell zone. All scale bars, 100 μm. C, Average expression of MHCII genes in each CAF subset. D, Average MHCII gene expression in classic antigen-
presenting cells, DC1, EC, and meso. fib. E, myCAF, iCAF, and apCAF gene signatures (20, 22) projected onto NSCLC CAF clusters.
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Figure 5.  MYH11+αSMA+ CAF are correlated with decreased T-cell infiltration in tumor nests. A, Representative examples of IHC stains from NSCLC 
tumors with and without MYH11+αSMA+ CAF present showing CD3+ cell exclusion from tumor nests when MYH11+αSMA+ CAF are present. B, The pres-
ence or absence of MYH11+αSMA+ CAF demonstrates significant differences in tumor-infiltrating CD3+ or CD8+ cells per mm2 (left) and the ratio of CD3+ 
or CD8+ cells per mm2 in the tumor versus stroma (right). Only early-stage (tumor stage 1) patients were included to eliminate bias due to MYH11+αSMA+ 
CAF rarely being found at a later stage. C, Representative images of MYH11 staining in multiple pathologies and histologic subtypes. All scale bars, 
250 μm. Bar plot, MYH11+αSMA+ CAF distribution in different pathologies and histologic subtypes in NSCLC. Significance is determined by the t test. 
(continued on following page)
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lesions (Supplementary Fig.  S12A), whereas samples or 
tumor regions lacking MYH11+ CAF showed no to low col-
lagen IV deposition (Supplementary Fig.  S12B and S12C). 
There were rare exceptions to this observation (Supplemen-
tary Fig. S12D), indicating that additional ECM factors may 
contribute to the fiber density observed in MYH11+αSMA+ 
CAF–rich samples by Masson’s trichrome (Fig. 6D).

The ECM program of FAP+αSMA+ CAF was distinct from 
MYH11+αSMA+ CAF. FAP+αSMA+ CAF expressed high levels 
of the fibrillar collagen COL11A1 (64) and COL12A1 (Fig. 6E) 
compared with other CAF, including FAP+ CAF. We per-
formed collagen fiber staining on FAP+ and FAP+αSMA+ 
CAF–rich samples and quantified the coverage of collagen XI, 
XII, and IV, as well as αSMA in 500 μm × 500 μm tiles. This 
analysis revealed a strong correlation between the stroma cov-
erage of αSMA and collagen XI/XII (Fig. 6F; Supplementary 
Fig.  S13A–S13D; Supplementary Tables  S14–S16). Impor-
tantly, no positive correlation was observed between collagen 
XI/XII and FAP (αSMAneg) stroma coverage or between colla-
gen IV and αSMA (Fig. 6F; Supplementary Fig. S13A–S13D). 
We observed a strong alignment of collagen fibers in areas 
rich in FAP+αSMA+ CAF (Supplementary Fig.  S13A, S13D, 
and S13E), indicating that these CAF shape not only the local 
matrix composition but also its structural organization.

In our prior study using live imaging of T cells in viable 
human NSCLC tumor slices (7), we showed that a dense 
matrix around tumor nests was anticorrelated with T-cell 
motility. Collagenase treatment of the tumor tissue from 
three patients in that study led to increased T-cell contact 
with tumor cells, demonstrating the functional role of dense 
matrix fibers in restricting T cell/tumor cell interactions 
(Fig.  6G, top). We hypothesized that the resolution of our 

current analysis could enable the identification of the CAF 
subsets that generated this barrier. We, therefore, retrieved 
FFPE slides from the same three tumors and stained for 
CAF markers identified in the current study. Our staining 
shows multilayer FAP+αSMA+ CAF localized around tumor 
nests, revealing the cellular source of the causal factor behind 
T-cell exclusion in those samples (Fig.  6G, bottom). Thus, 
the specific spatial distribution of FAP+αSMA+ CAF and their 
unique ECM profiles may drive T-cell exclusion in NSCLC 
and represent potential therapeutic targets. Combined with 
MYH11+αSMA+ CAF, this suggests a refined model for CAF 
phenotypes in NSCLC and a potential mechanism for T-cell 
exclusion (Fig. 7A and B).

DISCUSSION
A majority of patients fail to achieve clinical benefit 

using standard immune-checkpoint blockade, and as such, 
novel combination approaches are required to improve the 
response (65). Patients with T cell–excluded tumors have a 
poor response to immune-checkpoint blockade compared 
with those with T cell–infiltrated tumors (3, 5, 6), which raises 
the possibility that targeting the mechanism of T-cell exclu-
sion would improve clinical responses. To this end, our study 
provides a comprehensive map of the fibroblast compart-
ment in human lung tumors at the single-cell level and with 
spatial resolution. We define the molecular and functional 
diversity of the fibroblast compartment of lung tumors and 
determine how distinct CAF subsets may influence immune 
cell composition as well as T-cell spatial organization.

Our analysis shows that the stroma in NSCLC lesions is 
dominated by either lowly activated ADH1B+ CAF, with or 
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without MYH11+αSMA+ CAF, or highly activated FAP+ CAF, 
with variable αSMA levels (Fig. 7). ADH1B+ CAF have higher 
activation levels than fibroblasts found in normal lung tis-
sue, as seen by their expression profile and enrichment in the 
tumor lesion, as well as by the clear spatial distinction between 
CD10+ alv. fib. in adjacent tissue and ADH1B+CD10neg CAF in 
the tumor, as seen in multiplex IHC. FAP+ CAF, by contrast, 
show dramatic transcriptional differences from adjacent tis-
sue fibroblasts, including high expression of many previously 
established CAF markers such as FAP, POSTN, and COL1A1 
(23, 28). FAP+ CAF and FAP+αSMA+ CAF represent higher 
activation states compared with ADH1B+ CAF and occasion-
ally form spatial gradients of ADH1B+-to-FAP+ CAF, sug-
gesting ADH1B+ CAF may contribute to the FAP+ CAF pool. 
FAP+αSMA+ CAF are a subpopulation of FAP+ CAF with  
higher expression of contractility and ECM genes. Our spatial 

data frequently show increased αSMA staining at the tumor 
nest boundary, suggesting that the αSMA program is upreg-
ulated in FAP+ CAF upon physical or molecular signals 
from tumor cells. In conjunction with our observation that 
ADH1B+ CAF transition to FAP+ CAF, this suggests that the 
tumor cells and TME play a critical role in CAF differen-
tiation. ADH1B+ CAF express transcriptional programs of 
both alv. fib. and PI16+ fib., suggesting that these two lung 
tissue cell types could give rise to ADH1B+ CAF. In vivo fate-
mapping experiments will be needed to further investigate 
this possibility.

We have also shown that ADH1B+ CAF and FAP+ CAF are 
associated with pathologic and histologic subtypes as well 
as tumor stage, with ADH1B+ CAF being associated with 
the adenocarcinoma papillary subtype and stage 1 and FAP+ 
CAF being enriched in the adenocarcinoma solid subtype and 

Figure 6.  FAP+αSMA+ CAF define patterns of poor T-cell infiltration within tumor lesions. A, Left, intratumoral heterogeneity of αSMA coverage (mid-
dle) and CD3+ cell density in the stroma in 500 × 500 μm tiles. Right, representative examples of tiles showing regions with high or low levels of αSMA. 
B, Quantification of αSMA coverage and CD3+ density in each tile (points) as defined in A, showing a significant anticorrelation (Pearson) of αSMA cover-
age and CD3+ cell density. C, Dense αSMA staining at the tumor border associated with decreased CD3+ cell abundance. The green arrows highlight bor-
der regions with high αSMA and low CD3+ cells. Tum., tumor. D, Masson’s trichrome staining highlights increased ECM at the tumor boundary in samples 
containing MYH11+αSMA+ or FAP+αSMA+ CAF.  (continued on following page)
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squamous cell carcinomas and later stage. This association 
between CAF populations and histologic subtypes, which 
correlates with prognosis (47), may shed light on the molecu-
lar programs behind the different NSCLC subtypes and 
inform clinical trial inclusion criteria when therapeutically 
targeting CAF subsets. Furthermore, our staining protocol 
for these CAF subsets may help refine the categorization of 
histologic subtypes. Beyond subtype and stage, we found a 
significant association between FAP+ CAF and the LCAM 
inflammatory/activated immune phenotype (including SPP1+ 
monocyte–derived macrophages, IgG plasma cells, and PD1+ 
T cells), which we previously described (32). This observation, 
in conjunction with the distinct immunomodulatory profiles 
of ADH1B+ CAF and FAP+ CAF, suggests that CAF partici-
pate in shaping the immune response to the tumor.

Prior studies have suggested that activated CAF may play 
a role in T-cell exclusion (6, 15, 16). Notably, FAP+ CAF do 
not correlate with the T-cell distribution pattern in NSCLC, 
an important factor to keep in mind when developing 
therapeutics and that may explain why strategies targeting 
FAP+ CAF have failed in human clinical trials so far (18, 66). 
In contrast, we have found two distinct CAF populations 
with specific molecular programs and spatial organizations 
that contribute to T-cell exclusion. First, FAP+αSMA+ CAF 

are significantly correlated with regions of T-cell exclu-
sion in the tumor stroma and can form multiple layers  
at the tumor boundary and restrict T-cell contact with 
tumor cells. On the other hand, MYH11+αSMA+ CAF form 
a single cell layer lining tumor nests in a fraction of adeno-
carcinomas and are significantly correlated with immune 
cell exclusion from tumor regions, both within cancer 
lesions and across tumor samples. The enrichment of 
MYH11+αSMA+ CAF in early-stage tumors may suggest that 
they respond to early tumor cell signals that may be lost upon  
tumor progression.

FAP+αSMA+ CAF and MYH11+αSMA+ CAF correspond to 
two clearly distinct fibroblast subsets, as observed through 
the scRNA-seq data and in line with their presence in 
distinct tumors. Notably, they display similarities, includ-
ing high expression levels of ECM and contractility genes, 
which implies that they influence T-cell spatial distribution 
through similar mechanisms, with the production of fib-
ers limiting T-cell access to cancer cells (Salmon et al.; ref. 
7). The differences in their matrix deposition (including 
type IV collagen for MYH11+αSMA+ CAF and type XI and 
XII collagens for FAP+αSMA+ CAF) also indicate that they 
drive T-cell marginalization by forming different types of 
barriers to lymphocytes. Our analysis of NSCLC tumor 
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Figure 6. (Continued)  E, Averaged gene expression of highly variable ECM genes in CAF clusters. F, αSMA coverage of the stroma is significantly cor-
related (Spearman) with collagen XI and XII deposition, whereas FAP+ CAF show no correlation. G, Top, our prior work (7) showed that collagenase treat-
ment of viable slices of NSCLC tumor tissue increased T-cell access to tumor cells. FFPE sections from tumor samples of the same three patients were 
stained by multiplex IHC for markers of CAF identified in the present study. Bottom, FAP is found throughout the stroma, and αSMA shows increased 
expression at the tumor border (red arrows).
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samples from Salmon et al. (7) demonstrates the causal role 
of FAP+αSMA+ CAF in excluding T cells, identifying them 
in areas of dense fiber deposition that were implicated in 
restricting T-cell interactions with tumor cells (7). Although 
ECM degradation can improve T-cell infiltration (61), tar-
geting ECM molecules is challenging in patients given the 
low specificity and the risk of on-target, off-tumor toxicity. 
Here, our study paves the way to develop novel strategies to 
differently target the two distinct cellular sources of these 
ECM molecules.

In summary, our study has identified several CAF popu-
lations that show greater heterogeneity than the previ-
ously established CAF classification and provides novel 
therapeutic targets to pursue in order to augment response 
to cancer immunotherapies. We demonstrate that pair-
ing molecular and spatial analysis is crucial to under-
standing the true organization of the human TME and 
to developing novel CAF targeting strategies for efficient 
antitumor combinations.

METHODS
Human Subjects

In collaboration with the Biorepository and Department of Pathol-
ogy, tumor and adjacent noninvolved lung samples were obtained 
from surgical specimens of patients undergoing resection at the 
Mount Sinai Medical Center (New York, NY). Written informed 
consent was obtained in accordance with U.S. Common Rule and the 
following protocols were reviewed and approved by the Institutional 
Review Board at the Icahn School of Medicine at Mount Sinai: IRB 
Human Subjects Electronic Research Applications 10-00472 and 
10-00135. Additional FFPE NSCLC samples were obtained from 
Institut Mutualiste Montsouris, Paris, in collaboration with Institut 
Curie, Paris. Collection of clinical NSCLC specimens at Institut 
Mutualiste Montsouris was conducted under the umbrella protocol 
of the pathologic department and biospecimen core facility, estab-
lished under the reference EUdract 2017-A03081-52 and approved 
by the Ethics Committee CPP SUD-EST I. FFPE blocks from NSCLC 
tumors used in ref. 7 were obtained from Assistance Publique–Hôpi-
taux de Paris (Hôtel Dieu Hospital), with the approval of the IRB CPP 
Ile de France II, 2008-133 and 2012 06-12, No. 2018 MS1.

Figure 7.  Working model. A, Graphical illustration of all stroma presentations found in this study. NSCLC samples enriched in ADH1B+ CAF throughout 
the stroma can be found with or without a single cell layer of MYH11+αSMA+ CAF lining tumor cell aggregates. Those with MYH11+αSMA+ CAF show 
increased T-cell exclusion from the tumor nests. NSCLC samples enriched in FAP+ CAF are found with a variable abundance of FAP+αSMA+ CAF. Stromal 
regions with high αSMA have reduced T-cell accumulation, and tumor nests surrounded by several layers of FAP+αSMA+ CAF show a lower T-cell infiltra-
tion. B, Cartoon depicting the general distribution of fibroblast and CAF populations in adjacent lung tissue, early-stage NSCLC, and advanced NSCLC, as 
well as the potential differentiation trajectories.
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Tissue Processing
The noninvolved lung and tumor tissue were weighed and cut into 

sections of 0.1 to 0.2 g and then placed into 5-mL microtubes (Argos 
Technologies). Sections were minced with scissors and enzymatically 
digested in CO2-independent media (Fisher Scientific, 18045088) with 
0.25 mg/mL Collagenase IV (Sigma-Aldrich, C5138-1G), 200 U/mL 
Collagenase D (Sigma-Aldrich, 11088882001), and 0.1 mg/mL DNase  
(Sigma-Aldrich, DN25-1G) for 40 minutes at 37°C under 80 rpm 
agitation. Cell suspensions were passed through a syringe with an 
18-gauge needle 8 to 10 times, filtered through a 70-μm cell strainer, 
and then lysed in red blood cell buffer (Fisher Scientific, NC9067514). 
The cells were resuspended in a buffer comprised of DPBS (Corning, 
D8537-6 × 500 mL) with 5% BSA (Equitech-Bio, BAH62-0500) and  
1 mmol/L EDTA (Sigma-Aldrich, 46-034-CI) and then counted using 
a hemocytometer and Trypan blue (Fisher Scientific, MT25900CI).

Flow Cytometry Sorting
Cells were stained for EpCAM (BioLegend, clone 9C4), CD45 

(BioLegend, clone HI30), CD29 (BioLegend, clone TS2/16), PDPN 
(BioLegend, clone NC-08), and Live/Dead blue fluorescent dye (Thermo 
Scientific, L34963) for 30 minutes at 4°C. Among live cells, EpCAM and 
CD45 were used to remove epithelial and immune cells, respectively, 
whereas CD29, present on all stromal cells, was used to enrich for cells 
with intact surface markers (see Supplementary Fig. S1B). The 1.5-mL 
collection tubes (Fisher Scientific, 05-408-129) were coated with 10% 
BSA to improve cell survival after sorting.

scRNA-seq
For each sample, up to an estimated 5,000 cells were loaded 

directly from the flow cytometry sort onto 10X Chromium chemistry 
kits. Kit versions for each sample are indicated in Supplementary 
Table  S1. Processing downstream of cell loading was performed by 
the Human Immune Monitoring Core at the Icahn School of Medi-
cine at Mount Sinai. Libraries were prepared according to the manu-
facturer’s instructions, and quality control of the cDNA and final 
libraries was performed using the CyberGreen qPCR library quantifi-
cation assay. Sequencing was performed on Illumina sequencers to a 
depth of at least 80 million reads per library.

Sequencing Data Analysis and Unsupervised  
Batch-Aware Clustering

Transcriptomic library reads were aligned to the GRCh38 reference 
genome and quantified using Cell Ranger (v3.1.0).

Stromal cells isolated from tumor and adjacent lung samples 
were analyzed using an unsupervised batch-aware clustering method 
we recently described (33). First, stromal cells were filtered for cell 
barcodes recording >800 UMI, with <25% mitochondrial gene expres-
sion, and with less than defined thresholds of expression for genes 
associated with red blood cells, epithelial cells, macrophages, T cells, 
and plasma cells (Supplementary Table S17). Thirteen tumor and 11 
adjacent samples were clustered jointly. This expectation-maximiza-
tion−like algorithm iteratively updates both cluster assignments and 
sample-wise noise estimates until it converges, using a multinomial 
mixture model capturing the transcriptional profiles of the different 
cell states and sample-specific fractions of background noise. We ran 
the algorithm described in Martin et al. (33) with minor modifica-
tions: Training and test set sizes per sample were 7,500 and 2,500, 
respectively. The best clustering initiation was selected from 1,000 
instead of 10,000 k-means+  runs. For this clustering, we included 
barcodes with more than 800 UMIs and used Kreg_ds = 0.2; (P1, P2) = 
(0th, 50th) percentiles; Kreg = 5 × 10−6; k = 28. Genes with high vari-
ability between patients were not used in the clustering. Those genes 
consisted of mitochondrial, stress, metallothionein genes, immu-
noglobulin variable chain genes, HLA class I and II genes, and three 
specific genes with variable/noisy expression: MALAT1, JCHAIN, and 

XIST (Supplementary Table  S17). Ribosomal genes were excluded 
only from the k-means clustering (step 2.D as described in Martin 
et al.; ref. 33; Supplementary Table S17).

Cell Annotation
Using the gene module analysis described earlier, we identified 

highly variable genes and explored their expression across different 
clusters. Clusters were annotated by comparing gene expression pat-
terns with profiles reported in prior literature.

For stromal cell clusters, EC expressed multiple identifying mark-
ers such as PECAM1, VWF, CLDN5, and EMCN, and lymphatics could 
be identified with TFF3, LYVE1, and PROX1. PvC were identified by a 
combination of subset-specific markers for and shared expression of 
contractile genes such as ACTA2, TAGLN, MYL9, and TPM2. PvC sub-
set-specific genes included RGS5, COX4I2, and HIGD1B for pericytes 
and DES and ACTG2 for SM. Identifying fibroblast markers included 
those listed in the main text, PDGFRA, SPON1, and MMP2, but also 
DCN, FBLN1, LUM, COL1A2, RARRES2, and CTGF.

A cluster (#13) with contaminating epithelial cells was identified 
by the high expression of multiple keratin genes including KRT17 
and KRT19. Contaminating macrophages were identified in cluster 
6 by expression of CD45 (PTPRC), C1QB, C1QA, C1QC, and MARCO. 
Clusters 18 and 16 were excluded due to high mitochondrial gene 
content and hemoglobin genes, respectively. The annotation process 
for fibroblast subsets is described in the text.

Histologic Staining
Multiplexed IHC was performed according to the protocol devel-

oped by Remark et al. (31) with some modifications. Slides were 
baked at 37°C overnight, deparaffinized in xylene, and then rehy-
drated. Antigen retrieval was done in citrate buffer (pH 6 or 9; Dako, 
S2367 or 2369) at 95°C for 30 minutes, followed by incubation in 3% 
hydrogen peroxide for 15 minutes, and then nonspecific primary anti-
body binding was blocked using serum-free protein block solution 
(Dako, X0909) before adding primary antibody for 1 hour at room 
temperature or overnight at 4°C. The primary antibody was detected 
using a secondary antibody conjugated to horseradish peroxidase 
followed by chromogenic revelation using 3-amino-9-ethylcarbazole 
(AEC; Vector laboratories, SK4200). Slides were counterstained with 
hematoxylin (Sigma-Aldrich, HHS32-1L) and mounted with a glycerol-
based mounting medium (Dako, C0563). Then the same slides were 
bleached and restained as previously described. Antibody sources can 
be found in Supplementary Table  S5. Masson’s trichrome staining 
was performed by the Biorepository and Pathology Core at the Icahn 
School of Medicine at Mount Sinai.

Mass CyTOF
Samples were processed to a single-cell suspension according to 

the tissue processing protocol listed earlier. Cell viability staining 
was achieved with Rh103 staining for 20 minutes at 37°C, followed 
by staining with the CyTOF antibodies listed in Supplementary 
Table S5. Acquisition of the samples was performed by the Human 
Immune Monitoring Center at Mount Sinai. All analysis of the CyTOF 
samples, including the creation of the visualization of t-distributed 
stochastic neighbor embedding (viSNE) plots, was done using the 
Cytobank platform (https://www.cytobank.org/).

ECM and Immunomodulatory Gene Expression Profiles
Gene lists were sourced from refs. 67 and 68 for ECM and immu-

nomodulatory genes, respectively. Selected genes had to meet a mean 
expression threshold of one UMI per 2,000 UMIs in 2% of cells in 
at least one cluster and meet a minimum 3-fold expression change 
between at least two clusters. Selected genes for display were further 
refined by qualitative analysis.
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Gene Module Analysis
Gene correlation modules were generated using a similar method 

as previously described in (33). Briefly, cells are downsampled to 
2,000 total UMIs and highly variable genes are isolated. A gene–gene 
correlation matrix for the isolated gene set is computed for each 
sample over the cell population(s) of interest, and correlation matri-
ces are averaged following a Fisher Z-transformation. Applying the 
inverse transformation then results in the best-estimate correlation 
coefficients of gene–gene interactions across the dataset. Genes are 
clustered into modules using complete linkage hierarchical cluster-
ing over correlation distance. Ribosomal, mitochondrial, HLA, and 
immunoglobulin genes were removed from the analysis prior to the 
creation of gene modules, as these genes were not of interest in this 
study, reflected patient genomic variability, or were heavily influenced 
by contaminating plasma cells.

Acquisition of TCGA Dataset and Histologic Subtypes
The TCGA-LUAD RNA-seq data were downloaded using the  

GDCquery and GDCdownload functions from the TCGAbiolinks 
R package. GDCquery options included: project  =  “TCGA-LUAD,” 
data.category = “Transcriptome Profiling,” data.type = “Gene Expres-
sion Quantification,” workflow.type = “HTSeq–FPKM,” experimental.
strategy =  “RNA-Seq, and legacy =  F. Whole-exome sequencing data 
were downloaded using the GDCquery_Maf function with the argu-
ments tumor  =  “TCGA-LUAD” and pipelines  =  “mutect2.” Clinical 
data were downloaded using the GDCquery_clinic function with the 
arguments project = “TCGA-LUAD” and type = “clinical.”

The dominant histologic subtype for each TCGA tumor was 
sourced from ref. 46.

CAF Gene Signatures and LCAM in Bulk Analysis
Our initial gene list was acquired from gene module analysis, 

as described above. To define cell type–specific gene signatures, we 
first excluded genes well expressed in nonfibroblast lineages, such 
as EC and PvC within our dataset. Next, we utilized the datasets 
from refs. 32 and 23 to exclude genes found in epithelial and 
immune cells. For each dataset, we performed in-house clustering 
and identified stromal clusters, and then excluded any genes from 
our signatures if they showed higher expression in the nonstromal 
clusters. We then compared the expression of the genes between 
fibroblast subsets and kept genes only if they showed high expres-
sion in the cluster of interest relative to other clusters. Due to their 
similarity, FAP+ CAF and FAP+αSMA+ CAF were treated as one 
group, and due to ADH1B+ CAF similarity to adjacent fibroblast 
clusters, they were not contrasted with alv. fib. and PI16+ fib. Sig-
natures were further refined by manually checking that expression 
was consistently enriched in the cell type of interest across at least 
three patients.

Bulk RNA samples were scored in the following method: Mito-
chondrial genes, hemoglobins, and Ig variants genes were removed 
from the data tables. Next, genes were converted to a percent expres-
sion of the total reads and regularized with a constant value, 1e−8, 
added to each gene and log-transformed. Z-scores were then calcu-
lated for each gene across all samples. Finally, the overall cell type 
score was calculated by taking the average of all genes within the 
signature. A complete list containing the signature and removed 
genes can be found in Supplementary Table S17.

The derivation of LCAMhi or LCAMlo scores is described in (32). 
In short, the cell types associated with each state were averaged to 
create an LCAMhi or LCAMlo score. The difference between LCAMhi 
and LCAMlo was the final LCAM score. All signatures are calculated 
using only tumor samples, with sample ID ending in “-01A,” and 
signatures were Z-scored before graphing or other analysis. TCGA 
patients with their corresponding signature scores can be found in 
Supplementary Table S7.

External scRNA-seq Dataset Analysis
Based on our scRNA-seq data we, defined separate gene signatures 

for pan-fibroblast cells, PvC, alv. fib., meso. fib., MYH11+αSMA+ 
CAF, ADH1B+ CAF, FAP+ CAF, and FAP+αSMA+ CAF (Supple-
mentary Table  S17). Fibroblasts were isolated by selecting those 
above our pan-fibroblast score threshold and below the PvC score 
threshold (Supplementary Fig.  S6A). Then, alv. fib., meso. fib., and 
MYH11+αSMA+ CAF were identified and removed from subsequent 
plots (Supplementary Fig.  S6A). The remaining cells were then 
compared against the ADH1B+, FAP+, and FAP+αSMA+ CAF gene 
signatures (Supplementary Fig.  S6B–S6D). The datasets can be 
found at the following locations: Lambrechts et al. (23)—Array
Express under accessions E-MTAB-6149 and E-MTAB-6653; Wu et al. 
(26)—Gene Expression Omnibus (GEO) database accession codes 
GSE13190712 and GSE99254; Kim et al. (24)—GEO database acces-
sion code GSE131907; and Laughney et al. (25)—GEO database acces-
sion code GSE123904.

Histology Analysis and Overlays
All histology analyses were performed using the open-source image 

analysis QuPath software (QuPath-0.2.3, https://qupath.github.io/; 
ref. 69) and ImageJ/Fiji (70, 71).

To create overlayed images, scans were exported from QuPath as 
OME.TIFF and then imported into ImageJ using the BioFormats plug-
in (72). Alignment was done using the “Linear Stack Alignment with 
SIFT” plug-in (73). The AEC and hematoxylin stains were extracted from 
individual scans using “colour deconvolution” and colored as desired.

Quantifying T-cell Infiltration and Interpatient CAF Heterogeneity.  
Cropped scans were imported into a newly created project in QuPath 
and were aligned using the “interactive image alignment” plug-in. 
Alignment information was saved using QuPath_script_1. Tumor and 
stroma regions were defined by applying the “create cytokine annota-
tion” function on the keratin scans. The stroma and tumor annota-
tions were transferred onto the aligned CD3, CD8,  αSMA, ADH1B, 
and FAP scans with QuPath_script_2. On the CD3 and CD8 scans, 
positive cell detection was used to count the CD3+ and CD8+ cells. We 
manually removed debris spots (which appear positive for any marker) 
to avoid false positives. Distance to the tumor and stroma annotations 
was calculated using the “distance to annotation 2D” option, and 
the measurements were exported as raw data to be analyzed in R. For 
Fig. 4E, the stroma and tumor annotations were tiled using the func-
tion “Create Tiles.” For ADH1B and FAP scans, the positively stained 
area was calculated using the QuPath training classifier.

Quantifying T-cell Infiltration and Intrapatient CAF Heterogeneity.  
For the intrapatient analysis, we created a separate QuPath project 
with all the desired scans to analyze. The images were cropped and 
exported, and then overlays were generated using an ImageJ script 
with the following steps:

a.	 Deconvolution (hematoxylin, AEC, residual)
b.	 Alignment on hematoxylin images
c.	 Creation of transformation matrix and then application on 

AEC images
d.	 Threshold to remove background and then “Stack of Images”

The composite image was transferred back to QuPath for further 
analysis. Adjacent tissue regions on slides were excluded from the 
analysis, and in the region to analyze we used the “train pixel clas-
sifier” to annotate tumor nests versus stroma, whereas αSMA, FAP, 
and ADH1B areas were annotated using “QuPath train classifier.” A 
dedicated script automated the tiling and quantification and resulted 
in three data files: cell information including staining intensity and 
distances to annotations, tile annotation parameters, and annotation 
measurements such as ADH1B-stained area within an annotation. 
The resulting measurements were exported and analyzed in R.
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Quantifying MYH11+ααSMA+ CAF Boundary Enrichment.  The 
MYH11+αSMA+ CAF score (Fig. 5C and D) approximates the enrich-
ment of these cells at the tumor nest boundary (<10 μm) relative to 
their distal background density (20–30  μm). Iterating over tiles, we 
counted the number of MYH11+αSMA+ double-positive cells in each 
distance bin of 1 μm. The proximal value was defined as the quantile, 
0.75, of the number of cells in the bins within a distance of <10 μm. 
The distal value was similarly defined as the quantile, 0.75, of the 
number of cells in the bins with distances between 20 and 30  μm.  
The MYH11+αSMA+ CAF score was defined as log2(proximal/distal). 
The 0.75 percentile was selected to maximize the sensitivity of detect-
ing robust high-density regions.

Quantifying FAP+αSMA+ CAF Correlation with Collagens IV, XI, 
and XII.  After the images were cropped and exported, overlays were 
generated using an ImageJ script as described above. The composite 
image was transferred to QuPath software for further analysis. The 
train pixel classifier was used to annotate tumor nests versus stroma. 
In the stromal annotation, the train pixel classifier was used to anno-
tate FAP+  αSMA−,  αSMA+, collagen IV+, collagen XI+, and collagen 
XII+ regions. A dedicated script automated the tiling and quanti-
fication and resulted in a data file containing per tile annotation 
measurements for each marker. The resulting measurements were 
exported and analyzed in R.

Quantifying FAP+ααSMA+ CAF Tumor Islet Coverage.  Each tumor 
IHC image was divided into 1,500-μm tiles using QuPath; in each tile, 
the fraction of tumor nest surface covered by FAP+αSMA+ CAF was 
estimated. Then, using all tiles, the average FAP+αSMA+ tumor islet 
coverage was calculated for each patient.

Data Availability
Sequencing data are available in the GEO at GSE183219. The code is 

available on our Github website: https://github.com/effiken/Grout_
et_al. Raw histology data are available at https://scdissector.org/grout/.
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