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Abstract
Background  Pancreatic ductal adenocarcinoma (PDAC) is an aggressive solid tumor 
with poor prognosis. Existing prognostication systems rely on clinical staging, but 
systems of tumor classification through molecular signatures and the association 
between cancer-associated fibroblast (CAF) subtypes and clinical outcomes suggest 
that prognostic systems could be improved by integrating these data.

Methods  We clustered a discovery cohort (n = 320) of PDAC into basal and nonbasal 
tumor subtypes by applying a molecular signature previously defined by O’Kane et 
al. We performed deconvolution using data of annotated cells from separate single-
cell RNA-seq studies to estimate the fractions of different CAFs in each case in the 
discovery cohort and further generated a fraction threshold for myofibroblastic CAFs 
(myCAFs) enrichment delineating poor prognosis. We integrated these molecular 
classifications and metastasis status to generate a tumor microenvironment integrated 
(TMI) staging system, which we subsequently compared against the 7th American 
Joint Committee on Cancer (AJCC) clinical staging system using an external validation 
cohort (n = 156). We finally explored the signaling pathways within the single-cell 
dataset to identify key signaling pathways associated with myCAFs.

Results  TMI staging outperformed AJCC staging in predicting overall survival within 
both the discovery cohort (Harrell’s C-index: 0.558 vs. 0.547) and validation cohort 
(Harrell’s C-index: 0.535 vs. 0.500). In terms of differences, TMI was better able to 
account for overall survival rate variations, while AJCC staging remained stronger in 
hazard consistency, a surrogate of the similarity of survival rates within subgroups of 
each defined stage. We further identified fibronectin 1 (FN1) as a key ECM signaling 
protein within PDAC tumors, both in myCAF autocrine signaling as well as between 
myCAFs and ductal epithelial cells (including tumor cells), that are enriched in both 
basal (TMI-Poor) and nonbasal, myCAF-enriched (TMI-Intermediate) cases, and that 
delineate a poorer prognosis.

Conclusion  The integration of tumor subtyping and stromal myCAF fractions with 
clinical staging improves prognostication in PDAC. Among the ECM signaling proteins, 

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1007/s12672-026-05091-0
http://crossmark.crossref.org/dialog/?doi=10.1007/s12672-026-05091-0&domain=pdf&date_stamp=2026-4-25


Page 2 of 23Yeo et al. Discover Oncology          (2026) 17:866 

1  Background
Pancreatic ductal adenocarcinoma (PDAC) is frequently detected in its late stages due 
to the absence of notable symptoms, resulting in an abysmal overall survival [1, 2]. The 
current treatment approach of PDACs is largely based on tumor staging. Although 
the American Joint Committee on Cancer (AJCC) pathologic staging system provides 
a fair estimate on prognosis based primarily on clinical and surgical characteristics, 
recent work has revealed significant heterogeneity in the prognoses of PDACs of dif-
ferent molecular characteristics [3]. Multiple molecular subtyping systems of PDAC 
have been proposed, most of which segregate into two dominant molecular subtypes – a 
consensus classical subtype characterized by the expression of terminal epithelial and 
adhesion-related proteins native to the pancreas, particularly GATA-binding factor 6 
(GATA6), and a consensus basal subtype characterized by the repression of pancreas-
specific transcriptional programmes, expression of epithelial-to-mesenchymal genes as 
well as higher rates of metastasis [4–8]. This classification has yielded prognostic benefit, 
as subtypes correlating with the consensus basal subtype have been correlated with a 
significantly poorer prognosis, suggesting that its inclusion into existing staging systems 
may improve their prognostic accuracy [5, 6, 9].

Concurrently, significant progress has been made in elucidating the stromal compo-
nents of PDAC, which includes a complex mix of tumor-modifying immune cells and 
cancer-associated fibroblasts (CAFs) among various cell types within an extracellular 
matrix (ECM) that interact through secreted growth factors, immunomodulatory cyto-
kines and glycoproteins [10–13]. Single-cell RNA sequencing (scRNA-seq) has enabled 
the identification of numerous putative CAF subtypes, but two dominant subtypes have 
been consistently identified across most studies of human PDAC tumors – inflamma-
tory CAFs (iCAFs) and cancer-associated myofibroblasts (myCAFs) [10, 14]. These sub-
types have been consistently identified in both human and mouse models, with myCAFs 
showing particularly high alpha-smooth muscle actin (α-SMA/ACTA2) expression and 
colocalization with neoplastic cells, and iCAFs showing an extensive secretion of inflam-
matory cytokines like interleukin 6 (IL6), leukaemia inhibitory factor (LIF) and CXCL1 
[11, 12]. The deconvolution of bulk RNA-seq datasets to estimate myCAF fractions have 
suggested poorer survival outcomes associated with myCAFs, while the prognostic 
relevance with iCAFs remain unclear [15, 16]. Other studies have also reported novel 
CAF subtypes not only modulating metastasis risk and prognosis, but also response to 
immunotherapy [17, 18]. In many cases, these prognostic changes are linked to ligand-
receptor interactions between these CAF subtypes, such as complement-secreting CAFs 
(csCAFs), antigen-presenting CAFs (apCAFs), periostin-positive CAFs (POSTN+ CAFs) 
and metabolic CAFs (meCAFs), and various adaptive and innate immune cells that can 
restrict or enable tumor proliferation [12, 13, 19, 20]. While these findings suggest that 
the molecular subtyping and characterization of different CAF stromal components 
convey prognostic information, the integration of such information into existing clinical 

FN1 shows promise in explaining the relationship between basal subtypes and myCAF-
enrichment, with poor prognosis.
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staging systems is not well reported in literature. In this work, we attempt to incorpo-
rate various molecular findings with clinical characteristics of PDAC to propose a tumor 
microenvironment integrated (TMI) staging system for prognostication.

2  Materials and methods
2.1  Study cohorts for development and validation of staging systems

For creating and validating a staging system, two cohorts were assembled. The first 
cohort was an discovery cohort comprising 320 cases of pancreatic adenocarcinomas 
(PDAC) retrieved via the Genome Data Commons (GDC) and comprising data from 
two cohorts – The Cancer Genome Atlas (TCGA) (n = 162) and Clinical Proteomic 
Tumor Analysis Consortium (n = 158) (CPTAC) (Table 1) [21–23]. The second cohort 

Table 1  Characteristics of discovery cohort
Characteristics N (%)
Total number 320 (100)

Mean age of diagnosis (standard deviation) 65.1 (10.9)

Female sex 147 (45.9)

Ethnicity ^

 White (including Hispanics) 234 (73.1)

 Black or African American 8 (2.5)

 Asian 35 (10.9)

 Others / not reported 43 (13.4)

 Alive at last follow-up 105 (32.8)

AJCC Staging ^

 Stage I 34 (10.6)

 Stage II 221 (69.1)

 Stage III 47 (14.7)

 Stage IV 16 (5.0)

 Not reported 2 (0.6%)

AJCC T stage

 T1 12 (3.8)

 T2 64 (20.0)

 T3 230 (71.9)

 T4 8 (2.5)

 TX 2 (0.6)

 Not reported 4 (1.3)

AJCC N stage

 N0 77 (24.1)

 N1 209 (65.3)

 N2 27 (8.4)

 NX 5 (1.6)

 Not reported 2 (0.6)

AJCC M stage

 M0 182 (56.9)

 M1 16 (5.0)

 MX 122 (38.1)

Primary tumor site ^

 Head of pancreas 242 (75.6)

 Body of pancreas 26 (8.1)

 Tail of pancreas 24 (7.5)

 Overlapping lesion of pancreas 2 (0.6)

 Not otherwise specified 26 (8.1)
^Samples with unreported characteristics not included in percentage proportions
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was a validation cohort comprising 156 individuals from GSE62452 and GSE183795 of 
the Genome Expression Omnibus (GEO) [24, 25].

To build the discovery GDC cohort, the Genome Data Commons (GDC) data por-
tal (​h​t​t​p​s​:​​/​/​p​o​r​​t​a​l​.​g​d​​c​.​c​a​​n​c​e​r​.​​g​o​v​/​a​​n​a​l​y​s​i​​s​_​p​a​​g​e​?​a​p​p​=​D​o​w​n​l​o​a​d​s) was used to search for 
cases of pancreatic carcinomas using the following search filters: pancreas tissue type, 
RNA-seq experimental strategy, open-access data, primary tumor, solid tissue type. 367 
pancreatic carcinoma cases were identified and retrieved, including both RNA-seq-
derived transcription data as well as the following clinical metadata of each case: age at 
diagnosis, living status, time from diagnosis to most recent follow-up or death, AJCC 
pathologic staging, AJCC tumor staging, AJCC nodal staging, AJCC metastasis staging 
and site of resected tumor. Next, we removed 47 cases where either clinical metadata for 
living status and time from diagnosis to most recent follow-up or death was incomplete 
or histological diagnoses were not that of “Infiltrating duct carcinoma, NOS” or “Adeno-
carcinoma, NOS”, thus creating the final cohort of 320 cases for our discovery analysis.

To build the validation cohort, a thorough search of GEO datasets ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​n​c​
b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​g​d​s​/​​​​​) was conducted to identify additional PDAC datasets containing 
cases with both gene expression and clinical survival as well as staging data available 
[26]. Two studies – GSE62452 (n = 130) and GSE183795 (n = 139) – which contained 
cases from all 4 AJCC stages were selected. Cases were filtered to remove non-PDAC 
histology cases and cases lacking survival or staging data (number removed: GSE183795, 
6; GSE62452, 66). Among the remaining cases, 41 overlapped between both datasets. To 
preserve a sufficient case number for each dataset, overlapped cases were removed from 
GSE183795, thus leaving 64 cases in GSE62452 and 92 cases in GSE183795 that formed 
the 156 cases composing the final validation cohort.

The discovery cohort data was downloaded via the GDC with expression data and clin-
ical metadata extracted on R (version 4.3.0) in RStudio (version 2024.04.0 + 735.pro3) 
while validation cohort data was downloaded using the GEOquery package (version 
2.72.0) [27–29]. Within the discovery cohort, data was converted to FPKM-normalized 
and log2 + 1 of counts prior to scaling, the latter to handle genes with zero transcripts. 
In the validation cohort, as the downloaded expression data was already log normalized, 
expression data was converted back into a linear, normalized format.

2.2  Modified Moffitt classification of discovery and validation cohorts.

The modified Moffitt’s classifier (mMC) is a 47-gene modification of a gene signature 
originally derived from non-negative matrix factorization (NMF) and clustering of 
PDAC expression data that delineates PDACs into classical and basal subtypes [4, 6, 
30]. As with the method utilized by O’Kane et al., the log2-normalized and scaled data 
was used to incorporate the mMC into the discovery cohort cases. The ComplexHeat-
map package (version 2.20.0) was applied to mMC gene expression for the hierarchical 
clustering of cases into basal and nonbasal subtypes [31]. This same process was applied 
separately to each set of cases originating from the study datasets (TCGA, CPTAC, 
GSE183795, GSE62452).

https://portal.gdc.cancer.gov/analysis_page?app=Downloads
https://www.ncbi.nlm.nih.gov/gds/
https://www.ncbi.nlm.nih.gov/gds/
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2.3  CIBERSORTx-based deconvolution of cell fractions and establishment of CAF 

enrichment status

To establish CAF enrichment status, we first established cell fractions within bulk-
sequenced cases via deconvolution before deriving cut-offs for myCAF-, iCAF- and 
csCAF- enriched and depleted cases. CIBERSORTx ​(​​​h​t​t​p​s​:​/​/​c​i​b​e​r​s​o​r​t​x​.​s​t​a​n​f​o​r​d​.​e​d​
u​/​​​​​) is an online tool employing support vector regression that harnesses single-cell 
gene expression data of phenotypically annotated cells to estimate the fractions of the 
same cell phenotypes in bulk gene expression data [32]. Single-cell expression data (of 
which the derivation is detailed in the next section) with cell phenotypes annotated 
was uploaded to CIBERSORTx to generate a signature matrix, which was subsequently 
applied separately to the discovery and validation cohorts on default settings with per-
mutations set to 100 to derive cell fractions. The discovery subcohorts (TCGA, CPTAC) 
were separately uploaded to and processed by CIBERSORTx as raw counts, while valida-
tion subcohorts (GSE62452, GSE183795) were separately uploaded and processed in a 
normalized linear form. To determine cell fraction thresholds for enriched and depleted 
statuses of each CAF subtype, Delong’s method for computing the area under the curve 
(AUC) of the receptor operating curve (ROC) was employed via the pROC package (ver-
sion 1.18.5) on the CAF fractions of the combined TCGA and CPTAC discovery cohort 
to find the optimum thresholds based on survival data [33]. These thresholds were then 
applied to both discovery and validation cohorts to delineate enriched or depleted status 
for each CAF subtype.

2.4  Construction of a tumor microenvironment integrated (TMI) staging system

TMI is a staging system for pancreatic ductal adenocarcinomas that uses both molecular 
and clinical data for prognostication (Supplementary Figure S4) into three stages. Basal 
subtype cases or cases involving metastatic PDAC are classified as “Poor”, while the 
remaining cases are classified as “Intermediate” if they are myCAF-enriched or “Good” 
if myCAF-depleted. Derivation of this staging was based on Cox proportional hazards 
modelling of T, N and M staging together with myCAF enrichment and modified Moffitt 
classification to determine the most significant variables (Supplementary Table 1).

2.5  Single-cell RNA-sequencing dataset

We obtained single-cell data of histologically-confirmed primary PDAC resected from 
23 subjects across 5 studies and processed on 10x Genomics platforms deposited in the 
Genome Expression Omnibus (GEO): GSE179705, GSE231535, GSE197177, GSE154778 
and GSE217845 [34–38]. The GEO data was in a post-processed form, having been 
aligned to GRCh38 (except for GSE154778 which was aligned on GRCh37) using the 
Cell Ranger pipeline by their original study teams, and was imported in the standard 10x 
Genomics feature-barcode matrices format (​h​t​t​p​s​:​​/​/​w​w​w​​.​1​0​x​g​e​​n​o​m​i​​c​s​.​c​o​​m​/​s​u​p​​p​o​r​t​/​s​​o​
f​t​w​​a​r​e​/​c​​e​l​l​-​r​​a​n​g​e​r​-​​a​r​c​/​​l​a​t​e​s​​t​/​a​n​a​​l​y​s​i​s​/​​o​u​t​p​​u​t​s​/​f​e​a​t​u​r​e​-​b​a​r​c​o​d​e​-​m​a​t​r​i​c​e​s). AJCC staging 
data was available for each participant at the point of diagnosis and tumor resection. 
These studies yielded a mixed set of both treatment-naïve (n = 3), treatment-experienced 
(n = 3) and treatment-unknown (n = 17) subjects with a range of AJCC stages.

https://cibersortx.stanford.edu/
https://cibersortx.stanford.edu/
https://www.10xgenomics.com/support/software/cell-ranger-arc/latest/analysis/outputs/feature-barcode-matrices
https://www.10xgenomics.com/support/software/cell-ranger-arc/latest/analysis/outputs/feature-barcode-matrices
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2.6  Single-cell RNA-sequencing analysis

We used Seurat (version 5.1.0) for the further processing and integration of single-cell 
data [39]. We performed quality control on all samples collectively by removing cells 
with a mitochondrial transcript proportion above 20% (suggestive of dead, apoptotic 
cells) and utilizing the scDblFinder package (version 1.17.3) to remove potential mul-
tiplets, clusters of cells incorrectly processed, sequenced and interpreted as single cells 
[40]. Prior to clustering and analyses, we first performed log normalization, identified 
variable genes (n = 2000) with high cell-to-cell expression differences that can be used 
to distinguish phenotypes, performed data scaling to prevent high-expression genes 
from dominating downstream processes and ran dimensionality reduction using princi-
pal component analysis to identify principal components that can be used to determine 
“anchors,” or pairings of cells with similar phenotypes across experiments. As data were 
generated via different versions of 10x Genomics Chromium platforms, we performed 
batch correction across all experiments using Seurat’s anchor-based canonical correla-
tion analysis (CCA)-integration method, which transforms the data into a shared space 
and accounts for variability between experimental chemistries, conditions and individu-
als. All such steps were performed as per the workflow instructed in the official Seurat 
vignette “Integrative analysis in Seurat v5” (​h​t​t​p​s​:​​/​/​s​a​t​​i​j​a​l​a​b​​.​o​r​g​​/​s​e​u​r​​a​t​/​a​r​​t​i​c​l​e​s​​/​s​e​u​​r​a​t​5​_​i​
n​t​e​g​r​a​t​i​o​n) using default parameters.

For clustering and visualization, we first transformed integrated data into reduced 
dimensional space using Seurat’s uniform manifold approximation and projection 
(UMAP) method with dimensions set at 5. To then identify broad classes of cells, we 
then performed low-resolution clustering based on the relations of each cell’s expression 
in the reduced dimensionality space as evaluated by the k-nearest neighbor algorithm. 
We assigned cell identities through the manual identification of each cluster based on 
common markers: COL1A1, COL3A1, LUM and DCN for fibroblasts [12, 41]; CD3E, 
CD4 and CD8A for T-cells [42]; CD68 and CD163 for macrophages (myeloid cells) [43, 
44]; PECAM1, VWF and CD34 for endothelial cells [45]; RGS5 for pericytes [46]; KRT8, 
KRT18, KRT19 and MMP7 for ductal epithelial cells, which include tumor cells [47–50].

To identify specific CAF subtypes, we re-clustered all identified fibroblasts using the 
above methodology, adjusting the resolution of clustering till we arrived at three clus-
ters which were validated from previous reports. These clusters were annotated with 
the following markers: ACTA2, POSTN and HOPX for cancer-associated myofibroblasts 
(myCAFs) [12]; IL6 and CXCL8 for inflammatory CAFs (iCAFs) [20, 51]; C3 and C7 for 
complement-secreting CAFs (csCAFs).

2.7  Further processing of single-cell RNA-sequencing data

To build the signature matrix for CIBERSORTx using scRNA-seq data, we uploaded 
transcript counts for the set of 47 genes comprising the mMC defined by O’Kane et al. 
for each of a cluster-proportional down sample of cells comprising the scRNA-seq data.
(4) To infer basal and nonbasal subtypes akin with the discovery and validation cohorts, 
we calculated the FPKM of “pseudo-bulk” counts formed by summing transcripts across 
all cells of each sample and applied a logarithmic transformation, before using the Com-
plexHeatmap package to perform hierarchical clustering.

We utilized CellChat (version 2.0) to explore signaling pathways enriched within our 
single-cell dataset [52]. Pathway analyses were performed for the total dataset, as well 

https://satijalab.org/seurat/articles/seurat5_integration
https://satijalab.org/seurat/articles/seurat5_integration
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as for the separate basal and nonbasal sets of samples as inferred prior, to obtain rela-
tive outgoing and incoming signaling strengths for the top five pathways by the clusters 
defined in our initial Seurat analysis.

2.8  Statistical analysis

R and the SciPy package (version 1.13.0) were used to perform all statistical tests in this 
study [53]. The Mann-Whitney U (Wilcoxon) test was used for comparisons between 
our continuous variables and both Fisher’s exact test as well as the Chi-squared test were 
used for comparisons between categorical variables, with statistical significance set at p 
< 0.05. Cox proportional hazards models, Harrell’s concordance-index (C-index) calcu-
lations and Kaplan-Meier survival curves were generated on the survival package (ver-
sion 3.8.6), with the ggplot2 package (version 4.0.2), ggfortify (version 0.4.19) and ggpubr 
(version 0.6.2) used to generate Kaplan-Meier survival plots [54, 55].

3  Results
3.1  Single-cell analysis validates the presence of three dominant CAF subtypes in 

pancreatic ductal adenocarcinoma

To unify molecular subtyping with clinical scoring systems, we planned to use single-cell 
data to impute CAF fractions and molecular consensus subtypes (basal or nonbasal) in 
bulk RNA-seq samples in our discovery cohort (Fig. 1A). Thus, we first examined the 
stromal make-up of CAFs in PDAC. Data from twenty-three surgically resected PDAC 
samples were retrieved from five GEO experiments (Table 2). All samples were of pri-
mary PDAC tumors and not sorted by surface markers prior to sequencing to obtain an 
unbiased make-up of the single-cell landscape. Fifteen tumors were AJCC stages III and 
IV while eight were AJCC pathologic stage II tumors (Fig. 1B). Of the 89,567 cells we 
collated following quality control, our clustering revealed 17,722 CAFs marked by a high 
expression of fibroblast-specific markers such as COL1A1, COL13A1, LUM and DCN, 
which have been employed in other studies as markers of CAFs. Of the non-CAF clus-
ters, a significant portion of ductal epithelial cells, which include tumor cells, endothelial 
cells, pericytes, and immune cells were identified (Fig. 1C and D).

Further clustering of CAFs revealed three evenly sized clusters – 0, 1 and 2 – (Sup-
plementary Figure S1). We annotated cluster 0 as myCAFs based on the expression of 
ACTA2, POSTN and HOPX, genes reported to be extensively expressed by myCAFs and 
myCAF subtypes [12]. We identified cluster 2 as complement-secreting CAFs (csCAFs) 
due to their remarkable expression of C3 and C7 [20, 51]. While the expression of com-
plement has been reported by iCAFs and even been used to annotate them, CAFs secret-
ing complement have reported as a distinct phenotype [20, 51, 56]. Further, although all 
clusters did not show as high an expression of interleukins as we would expect based on 
other single-cell studies, we noted differences in the expression of various interleukins 
between csCAFs and cluster 1, which we identified as iCAFs, including a higher expres-
sion of IL-6 and CXCL8 by iCAFs [11, 12, 57]. Finally, although other CAF subtypes with 
unique markers and secretory profiles have been reported, we were unable to isolate sig-
nificant numbers of these phenotypes from single-cell analyses [18, 19]. These data sug-
gest that myCAFs, iCAFs and csCAFs are the dominant CAF subtypes in PDAC.
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3.2  Molecular subtyping of TCGA samples

We molecularly subtyped discovery cohort cases (n = 320) through two approaches – 
firstly based on the mMC O’Kane et al., and secondly based on CAF fractions [4, 30]. 
Tumor subtyping revealed that the majority of cases were nonbasal (300 of 320, 93.8%), 
in alignment with previous investigations (Fig. 2A) [4]. We validated tumor subtyping 
using three surrogate markers (GATA6, HMGA2 and KRT5) previously reported to dis-
tinguish classical-like and basal-like tumors (Fig. 2C) [4, 58, 59]. GATA6 showed a higher 
expression among nonbasal cases (log2 fold change 2.07, p < 0.0001), while HMGA2 (log2 
fold change 2.51, p < 0.0001) and KRT5 (log2 fold change 5.72, p < 0.0001) were expect-
edly more highly expressed among basal cases, validating the robust tumor subtyping of 
the discovery dataset.

Next, we imputed cell fractions of phenotypes annotated in our single-cell analysis 
within the discovery cohort using CIBERSORTx. Among the CAF subtypes which were 
imputed, myCAFs formed a majority, with iCAFs forming a minority and csCAFs being 
nearly absent (Fig. 2B). The fraction of myCAFs was marginally elevated in stage III and 

Fig. 1  Study design and analysis of scRNA-seq data in PDAC. A Overview of study design and workflow. scRNA-seq 
data of PDAC samples were collated, integrated, and clustered. Transcriptomic data of each cluster was subse-
quently used to deconvolute bulk transcriptomic data of PDAC samples from Genome Data Commons and obtain 
proportions of various cell types identified from the single-cell analysis. Transcriptomic data of deconvoluted cell 
types and proportions of different populations of cancer-associated fibroblasts (CAFs), as well as molecular con-
sensus signatures, were examined for their prognostic implications. B Overview and characteristics of samples 
incorporated in the scRNA-seq analysis. The AJCC staging, total number of cells after quality control (QC) and total 
number of CAFs for twenty-three PDAC samples (each from a unique patient) across five studies are displayed. C 
2-dimensional uniform manifold approximation and projection (UMAP) plot of the single-cell dataset. All single-
cell data is plotted along the first two UMAP axes and colored by cell type clustered by Seurat and identified manu-
ally from transcriptomic profiles. D Dotplot of the single-cell data showing the expression of key gene markers in 
each cell cluster. The proportion of cells in a cluster expressing each gene is illustrated by the size of the respective 
circle and the mean expression of each gene per cell that expresses the gene within each cluster is indicated by 
the color of the circle in accordance with the color gradient legend
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Table 2  Characteristics of single-cell RNA-seq samples
Characteristics N (%)
Total number 23 (100)

Sex

 Female 7 (30.4)

 Male 11 (47.8)

 Not reported 5 (21.7)

 Mean age (standard deviation) ^ 65.4 (9.7)

Specimen retrieval modality

 Whipple’s procedure 1 (4.3)

 Distal pancreatectomy 3 (13.0)

 Total pancreatectomy 1 (4.3)

 Unspecified surgical resection 10 (43.5)

 Not reported 2 (8.7)

AJCC Staging ^

 Stage I 0 (0.0)

 Stage II 8 (34.8)

 Stage III 7 (30.4)

 Stage IV 3 (13.0)

 Not reported 5 (21.7)

AJCC T stage

 T1 1 (4.3)

 T2 6 (26.1)

 T3 3 (13.0)

 T4 0 (0.0)

 Not reported 15 (65.2)

AJCC N stage

 N0 0 (0.0)

 N1 2 (8.7)

 N2 6 (26.1)

 Not reported 15 (65.2)

AJCC M stage

 M0 15 (65.2)

 M1 3 (13.0)

 Not reported 5 (21.7)

Primary tumor histological grade

 Grade 1 1 (4.3)

 Grade 2 12 (52.2)

 Grade 3 3 (13.0)

 Grade 4 2 (8.7)

 Unspecified 5 (21.7)

Primary tumor site

 Head or uncinate process of pancreas 7 (30.4)

 Body or tail of pancreas 1 (4.3)

 Unspecified 15 (65.2)

Chemotherapy received

 FOLFIRINOX 2 (8.7)

 Gemcitabine + nab-paclitaxel 1 (4.3)

 None 3 (13.0)

 Unspecified 17 (73.9)
^ Reported only for 18 of 23 patients
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IV tumors compared with stage I and II tumors (fold change 1.14, p = 0.0035), while the 
iCAF fraction was greater in stage I and II tumors (fold change 1.47, p = 0.019) (Fig. 3A-
B). On the other hand, AJCC tumor, nodal and metastasis staging were largely not signif-
icantly associated with differences in myCAF or iCAF fractions apart from T3/4 tumors 
showing a higher iCAF fraction relative to T1/2 tumors (fold change 1.45, p = 0.044) 
(Fig. 3A-B, Supplementary Figure S3A-B). However, both myCAF fractions (fold change 
1.20, p = 0.014) and iCAF fractions (fold change 2.72, p = 0.00069) were elevated in basal 
cases relative to nonbasal cases, suggesting that CAFs may form a significantly larger 
component of the stroma in basal PDAC (Fig. 3A-B). Together, these findings suggest 
that CAF fractions may have various associations with PDAC tumor subtypes but are 
largely independent of clinical staging parameters.

3.3  Myofibroblast fractions and molecular consensus subtypes may be useful prognostic 

tools

To determine whether CAF fractions and molecular signatures might be useful in prog-
nostication, we separately stratified the discovery cohort based on molecular consensus 
subtype (basal, nonbasal), myCAF fraction, and iCAF fraction. myCAF and iCAF pro-
portions were inversely correlated (Spearman’s rho = -0.143, p = 0.0105). We determined 
the optimal thresholds for CAF fractions predicting overall survival (OS) by optimizing 
the AUC of the ROC curves for each stratum (Supplementary Figure S2A-D). A total 
of 178 of 320 (55.6%) cases were classified as myCAF-enriched, and 184 of 320 (57.5%) 
were classified as iCAF-depleted (Table 3). While OS did not significantly differ between 

Fig. 2  Composition of discovery dataset based on hierarchical clustering, deconvolution, and expression of key 
markers. Hierarchical clustering heatmap of (A) 162 unique PDAC cases from the TCGA cohort and (B) 152 unique 
PDAC cases from the CPTAC cohort using a 47-gene signature defined by O’Kane et al. into two classes – basal 
and nonbasal. The top dendrogram reflects the similarity in gene signatures between different samples. The color 
of the left and top bar adjacent to the heatmap reflects the association of genes and samples respectively to the 
classes (dark blue: basal; gold: nonbasal). Expression intensity is reflected by a color gradient. C Stacked bar chart 
showing the deconvoluted proportions of each CAF type and pericytes across TCGA and CPTAC cases. Deconvolu-
tion was performed using CIBERSORTx on TCGA and CPTAC cases separately with our single-cell clustering acting 
as a reference of expression across cell types. D Box-and-whisker plots of the expression of three genes – GATA6, 
HMGA2 and KRT5, reported to effectively distinguish basal and classical type PDACs across all 320 TCGA and CPTAC 
cases
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iCAF-enriched and iCAF-depleted cases (HR: 1.03 [0.78–1.36], p = 0.8), myCAF-
enriched cases demonstrated a significantly poorer OS compared with myCAF-depleted 
cases (HR: 1.33 [1.01–1.75], p = 0.042) (Fig. 4A and B). The basal subtype was associated 
with a lower OS than the nonbasal subgroup (HR: 2.17 [1.32–3.58], p = 0.002) (Fig. 4C).

On this basis, we reasoned that incorporating information on myCAF fractions and 
mMC subtyping might augment the prognostic accuracy of existing staging systems. 
We therefore modelled myCAF enrichment status, mMC status, as well as AJCC tumor, 
nodal and metastasis statuses of discovery cohort cases with staging data in a multivari-
able Cox proportional hazards model. This modelling revealed that basal subtype (HR: 
1.85 [1.10–3.14], p = 0.0215) was the only significant risk factor modifying OS (Supple-
mentary Table 1). Given the relatively larger size of the nonbasal subgroup, we reasoned 
that some of the remaining 4 variables might be helpful in predicting prognosis within 
this subgroup. By further modelling these 4 variables on nonbasal samples only (n = 300), 
we found that myCAF enrichment (HR: 1.34 [1.00–1.80], p = 0.0495) had the most signif-
icant effects in predicting poor OS, while nodal status (HR: 1.39 [0.969–2.00], p = 0.0733) 
or metastasis (HR: 1.85 [0.939–3.66], p = 0.0752) showed only nominal statistical signifi-
cance and tumor size was insignificant (HR: 1.06 [0.814–1.38], p = 0.665) (Supplemen-
tary Table 1). Given these findings, we surmised that mMC subtyping, nodal status, 
metastasis and myCAF enrichment might be useful variables for prognosticating PDAC.

Fig. 3  Box-and-whisker plots of (A) myCAF and (B) iCAF proportions of PDAC samples in the discovery cohort 
(TCGA and CPTAC). myCAF and iCAF proportions were higher in basal subtypes. myCAF proportions were higher 
in advanced stage disease, whereas iCAF proportions were higher in early-stage disease. * p < 0.05, ** p < 0.01, *** 
p < 0.001, n.s. non-significant

 



Page 12 of 23Yeo et al. Discover Oncology          (2026) 17:866 

In addition, using the subset of our discovery cohort which had received some form 
of chemotherapy (n = 88), we attempted to determine the ability of these molecular clas-
sifiers to predict outcomes following chemotherapy. However, neither mMC subtyping 
(HR: 1.93 [0.60–6.22], p = 0.3) nor myCAF enrichment (HR: 0.98 [0.57–1.70], p > 0.9) 
predicted OS (Supplementary Figure S3C-D). Given the relatively small sample of basal 
cases (n = 4) as well as lack of access to annotations that distinguished whether chemo-
therapy was delivered neoadjuvant or adjuvant, as well as actual treatment response 
data, future studies will be be necessary to truly determine the potential of these molec-
ular classifiers as predictors of chemotherapeutic response.

Table 3  Characteristics of myCAF enriched and depleted cases
Characteristics myCAF-enriched (%) myCAF-depleted (%) p-value
Total number 178 (100) 142 (100)

Mean age of diagnosis (standard deviation) 66.4 (10.8) 64.0 (10.9) 0.048

Female sex 85 (47.8) 62 (43.7) 0.466

Ethnicity ^ 0.289

 White (including Hispanics) 127 (71.3) 107 (75.4)

 Black or African American 3 (1.7) 5 (3.5)

 Asian 18 (10.1) 17 (12.0)

 Others 28 (15.7) 12 (8.5)

 Not reported 2 (1.1) 1 (0.7)

 Alive at last follow-up 45 (25.3) 60 (33.7) 0.001

AJCC Staging ^

 Stage I 20 (11.2) 14 (9.9) 0.223

 Stage II 114 (64.0) 107 (75.4)

 Stage III 32 (18.0) 15 (10.6)

 Stage IV 11 (6.2) 5 (3.5)

 Not Reported 1 (0.6) 1 (0.7)

AJCC T stage

 T1 9 (5.1) 3 (2.1) 0.326

 T2 37 (20.8) 27 (19.0)

 T3 124 (69.7) 106 (74.6)

 T4 6 (3.4) 2 (1.4)

 Not reported 2 (1.1) 4 (2.8)

AJCC N stage

 N0 28 (25.9) 55 (24.2) 0.629

 N1 64 (59.3) 150 (66.1)

 N2 14 (13.0) 13 (5.7)

 NX 2 (1.9) 6 (2.6)

AJCC M stage

 M0 167 (93.8) 137 (96.5) 0.409

 M1 11 (6.2) 5 (3.5)

 MX 58 (32.6) 64 (45.1)

Primary tumor site ^

Head of pancreas 126 (70.8) 116 (81.6) 0.031

 Body of pancreas 15 (8.4) 11 (7.7)

 Tail of pancreas 18 (10.1) 6 (4.2)

 Overlapping lesion of pancreas 0 (0) 2 (1.4)

 Not otherwise specified 19 (10.7) 7 (4.9)
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3.4  Tumor-Microenvironment Integrated (TMI) staging system effectively prognosticates 

PDAC survival durations

Based on the potential for mMC, metastasis and myCAF enrichment to prognosticate 
PDAC, we established a TMI staging system (Fig. 5A, Supplementary Figure S4). Nodal 
status was not included in TMI as subsequent validation data lacked nodal staging infor-
mation. The TMI staging system first assigns any cases of the basal subtype or with 
metastasis as “Poor” (n = 33). Nonbasal cases are then divided into myCAF-enriched 
cases grouped as “Intermediate” (n = 154) and myCAF-depleted cases which are grouped 
as “Good” (n = 133) (Fig. 5B). Two cases were filtered out from these 320 cases for sub-
sequent model comparisons as their AJCC stages were unknown. According to our TMI 
staging system, TMI-Good cases bear a median survival of 1.78 years and 3-year OS of 

Fig. 4  Kaplan-Meier survival plots of individuals with PDAC registered in the discovery cohort. Overall survival by 
A myCAF fraction, B iCAF fraction, C and basal and nonbasal classification in accordance with the modified Moffitt 
gene signature
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31.9%, compared to that of the TMI-Intermediate (median OS 1.68 years, 3-year OS 
20.8%) and TMI-Poor (median OS 0.84 years, 3-year OS 9.10%) cases, log rank p < 0.001) 
(Fig. 5B).

We next looked for and validated performance differences between TMI staging 
and AJCC staging systems. Log-rank testing of AJCC (p = 0.008) and TMI (p < 0.001) 
systems suggested that both models contained significant inter-staging differences 
on Kaplan-Meier curves. TMI (0.558 ± 0.0205) showed superiority to AJCC (0.547 ± 
0.0191) in ranking the risk of death according to Harrell’s C-index. Additionally, we used 
recursive partitioning analysis (RPA) via autoRPA, a web-based tool that has previously 
been applied to stage and analyze nasopharyngeal and hepatocellular carcinoma stag-
ing systems, to compare TMI and AJCC staging within the discovery cohort using four 
indicators (Fig. 5D) [60]. AutoRPA uses four metrics – hazard discrimination, the extent 
of difference in duration to outcome between stages, hazard consistency, the homo-
geneity of durations to outcome within each stage, PvE, the percentage of variance in 
durations to outcome that is accounted for by model staging, and balance, the propor-
tionality of case division between stages. Both TMI and AJCC showed similar hazard 

Fig. 5  Performance of the Tumor-Microenvironment Integrated (TMI) staging system, a system of staging and 
prognostication which integrates the AJCC staging system together with CAF proportion and molecular con-
sensus classification of PDAC. Overall survival of patients with PDAC in the discovery (TCGA and CPTAC) dataset 
segregated by A AJCC staging and B TMI staging systems. Median OS reflected for each stage in the table at the 
top-right. C Alluvial diagram showing the reassignment of PDAC data between the AJCC and TMI staging systems. 
Radar maps of ranked performance metrics of the AJCC and TMI staging systems for (D) the discovery cohort 
and (E) the validation cohort. Performance metrics are defined as per Xie et al. and a lower rank (further outward) 
indicates better performance. Overall survival of patients with PDAC in the validation cohort segregated by F AJCC 
staging and G TMI staging systems. Median OS reflected for each stage in the table at the top-right
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discrimination, and while AJCC had a superior performance in hazard consistency, TMI 
showed superior performance in both PvE and balance.

To validate these findings and determine whether TMI and our methodology might 
apply as well with microarray data, we applied TMI to a validation cohort of 156 PDAC 
cases from a series of microarray studies. Similar to our discovery cohort, our valida-
tion cohort comprised primarily of nonbasal cases (135 of 156, 86.5%) but was notably 
sparse for myCAF-enriched cases (12 of 156, 7.69%) which we reasoned might be due 
to platform differences in detecting low-abundance transcripts between microarray and 
RNA-seq that CIBERSORTx (Supplementary Figure S5A-B). Consequently, we observed 
a significantly lopsided distribution in staging as well. “TMI-Good” (n = 119) cases were 
the most numerous (median OS 1.64 years, 3-year OS 28.9%), while “TMI-Intermedi-
ate” (n = 10) cases (median OS 0.96 years, 3-year OS 15.0%) and “TMI-Poor” (n = 27) 
cases (median OS 1.17 years, 3-year OS 0.00%) were few (Fig. 5F-G). Surprisingly, while 
log-rank testing showed a statistically significant difference in OS between TMI stages 
(p = 0.036), this was not the case for AJCC stages (p = 0.7). Analysis via autoRPA showed 
that TMI was comparable to AJCC, showing superiority to AJCC across both PvE and 
balance, while AJCC maintained an advantage in hazard discrimination and hazard dis-
crimination (Fig. 5E). Conversely, Harrell’s C-index was higher in TMI (0.535 ± 0.0223) 
than AJCC (0.500 ± 0.0223). Together, these results suggest that TMI has the capacity to 
prognosticate PDAC cases.

3.5  Fibronectin 1 signaling is a top pathway outgoing from myofibroblasts that 

prognosticates poor survival

Based on the difference in prognoses between different tumor subtypes, we sought to 
identify differences in molecular signaling between basal and nonbasal tumors. Akin to 
the bulk sequencing data, we performed hierarchical clustering on our single-cell dataset 
with gene expression summated across all cells per sample using the mMC gene panel 
and identified 3 of the 23 single-cell samples as basal tumors (Supplementary Fig.  6). 
Using CellChat, we first looked for the top signaling pathways within our overall sin-
gle-cell dataset and determined the intensity of signaling from each cell cluster. The top 
three signaling pathways comprised the ECM proteins of collagen, fibronectin 1 (FN1) 
and laminin, and the next strongest signaling pathways included the transmembrane 
protein CD99 and neurite-growth promoting factor 2 (NEGF2/MK). Looking at an over-
view of all cell types, all signaling pathways were primarily outgoing from myCAFs and 
received by ductal cells, which includes mainly the tumor population, except for CD99 
and MK which were received primarily by myCAFs (Fig.  6A). Basal tumors showed a 
higher intensity of molecular signaling for collagen, laminins and FN1 compared with 
nonbasal tumors, with signaling predominantly from myCAFs and pericytes to ductal 
cells (Figs. 6B-E). A subset of collagen and FN1 signaling additionally redirected back to 
myCAFs, suggestive of autocrine signaling by ECM proteins that might shape the tumor 
microenvironment.

We therefore looked at associations between CAF proportions and ECM protein 
expression and identified a unique positive association between summated FN1 expres-
sion in the single-cell samples (R = 0.48, p = 0.023) and the proportion of myCAFs mak-
ing up the total CAF population (Supplementary Figure S7A). FN1 expression was also 
significantly higher in basal (myCAF-depleted or enriched) cases, and in nonbasal, 
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myCAF-enriched cases over nonbasal, myCAF-depleted cases, and by extension equally 
elevated in both TMI-Poor and TMI-Intermediate cases relative to TMI-Good cases 
(Supplementary Figure S7B-C). Looking at signaling pathways specifically in basal 
tumors, we also noticed that FN1 remained most heavily expressed by myCAFs, though 
other CAF types also contributed, and that a significant subset of FN1 signaling in basal 
tumors was directed toward iCAFs (Fig. 6D, Supplementary Figure S7D-E). This sug-
gests that even in basal, myCAF-depleted tumors, myCAFs continue to drive elevated 
FN1 expression. Most notably, FN1-enriched cases also showed a significantly poorer 
OS compared with FN1-depleted cases (Supplementary Figure S7F). Put together, 
these findings suggest FN1 might be a myCAF-specific positive regulator promulgating 
myCAF-enriched microenvironments that interact with both tumor and other stromal 
components to worsen prognosis. Interestingly, not only was FN1 positively associated 
with the M2 macrophage marker CD163 in bulk expression (R = 0.36, p < 0.0001), but 
FN1 was also a notable incoming pathway to myeloid cells within nonbasal single-cell 
tumors, further raising the possibility of a role for FN1-expressing myCAFs in establish-
ing an immunosuppressive niche comprising M2 macrophages as other reports have 
similarly posited (Supplementary Figure S7E, S7G) [13, 61].

Fig. 6  CellChat analysis of signaling pathways in the single-cell dataset. A Outgoing and incoming signaling pat-
terns of the top five gene classes in CellChat across all single-cell clusters. The intensity of green reflects the relative 
signaling strength of a signaling pathway across cell types (across the row), the colored bar on top reflects the 
total signaling strength of a cell type relative to others and the right grey bar reflects the total signaling strength 
of signaling pathways across all cell types relative to other signaling pathways. B Circle plot of collagen signaling 
between cell types in basal and nonbasal single-cell samples. Signaling is a summation across all collagen genes. C 
Circle plot of laminin signaling between cell types in basal and nonbasal single-cell samples. Signaling is a summa-
tion across all laminin genes. D Circle plot of fibronectin 1 (FN1) signaling between cell types in basal and nonbasal 
single-cell samples. E Circle plot of midkine (MK) signaling between cell types in basal and nonbasal single-cell 
samples. For each arrow in Fig. 6A and E, the arrowhead delineates the cell type which is receiving the signaling. 
The width of the arrow illustrates the strength in signaling
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4  Discussion
The prognostication of PDAC is currently a clinical task achieved at the time of staging 
scans and gross tumor measurement [3]. We utilized a rational approach in develop-
ing TMI, employing Cox proportional hazards modelling to identify the most statisti-
cally significant variables for use. Our Cox proportional hazards model and median OS 
of the resultant TMI-Poor stage highlighted the usefulness of the mMC signature in 
distinguishing basal samples for prognostication, reflecting poor survival regardless of 
metastasis status. The enrichment of myCAF also demonstrated good use in providing a 
distinction in survival between TMI-Good and TMI-Intermediate cases of the remain-
ing nonbasal cases, being more significant than any of the remaining individual clinical 
variables. Our performance metrics indicate that TMI staging provides a better estimate 
of survival when mMC signatures and the stromal make-up of the myCAF subtype are 
incorporated. Particularly in the exploratory discovery cohort, many cases from AJCC 
stage II and stage III, which bore a similar median OS, were re-classified into the TMI-
Intermediate subgroup based on myCAF enrichment, while the TMI-Poor subgroup 
was comparable to AJCC stage IV in median OS. TMI may therefore prove valuable as 
an accurate tool to manage expectations and prepare for potential disease progression, 
especially for more advanced PDACs which constitute the majority of cases.

Nonetheless, TMI faced drawbacks in hazard consistency when compared to AJCC 
in stratifying the discovery cohort. The combination of a subset of AJCC stage I and II 
cases into TMI-Good could be the cause of this, creating heterogenous subgroups in 
TMI-Good with distinct overall survivals. Additionally, although statistically distinct, 
the median OS of TMI-Good and TMI-Intermediate cases did not have much magni-
tude of difference in the discovery cohort, though this was not the case in the validation 
cohort. Moreover, in both cohorts, TMI-Good never achieved a median OS as high as 
that of AJCC stage I. These findings indicate that while myCAF enrichment might be 
useful in characterizing intermediate prognosis cases just as well as AJCC stages II and 
III, incorporation of the clinical T1 staging variable might still yield prognostic benefit 
for a small subset of good prognosis cases where tumor size remains a better predictor 
of overall survival than molecular characteristics.

Previous work has also demonstrated that CAF fractions have clinical implications on 
responses to treatment regimens involving gemcitabine as well as anti-PD-1 immuno-
therapy, underscoring their potential use in the selection of appropriate patient popula-
tions for specific chemotherapies [62–65]. Although the viability of surgical resection 
remains the key clinical consideration in the management of PDAC patients, chemother-
apy still plays a major role in the treatment of both resectable and unresectable PDAC 
[66–71]. Although the lack of difference in OS between myCAF enrichment status or 
tumor subtype suggests that these molecular classifiers might be less applicable for pre-
dicting chemotherapeutic response, our dataset lacked information of the specific che-
motherapy regimens and whether treatment was neoadjuvant or adjuvant in each case. 
In vitro, CAFs have been reported to reprogramme macrophages to shield against FOL-
FIRINOX-induced cell death [65]. Conversely, a comparison between upfront resected 
pancreatic carcinomas and pancreatic carcinomas with neoadjuvant FOLFIRINOX 
therapy prior to resection using two surrogates for myCAF density – activated stroma 
index and ACTA2 expression – reported that cases treated with neoadjuvant FOLFIRI-
NOX in the highest quartile of the activated stroma index had the highest survival rates, 
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alongside cases with relatively higher ACTA2 expression [62]. Therefore, it may be worth 
exploring myCAF fractions as a means to determine patient suitability for FOLFIRINOX 
neoadjuvant therapy. Similarly, CAFs may also play a role in resistance to immunothera-
pies such as PD-1 inhibitors, which are being increasingly used to treat metastatic PDAC 
that are mismatch repair deficient or microsatellite instability-high. MEK and STAT3 
inhibitors, which reduce iCAF polarization and increase Ly6a/Cd34-expressing CAFs, 
have been shown to augment the anti-tumor effect of PD-1 blockade and survival in a 
PDAC mouse model [72]. A finer understanding of CAF-driven mechanisms of chemo- 
and immuno-resistance may therefore be fruitful to define the CAF make-ups of PDAC 
that worsen or benefit prognosis.

In TMI staging, we made use of the association we observed from the discovery 
dataset between myCAF-enriched signatures and poorer survival. Tumors with higher 
myCAF fractions, which included more basal subtype tumors as well as nonbasal, 
myCAF-enriched subtype tumors, bore significantly poorer OS compared to nonbasal, 
myCAF-depleted tumors. Interestingly, of the top signaling pathways we identified in 
our single-cell analysis, the ECM protein FN1, which we found relatively enriched in 
both basal tumors as well as nonbasal, myCAF-enriched tumors, is known to augment 
transforming growth factor beta (TGFβ) expression to drive myofibroblastic polariza-
tion, suggesting that FN1 might be a key signaling pathway in the polarization of CAFs 
into myCAFs to facilitate tumors with a poorer prognosis [11, 73–75]. This might explain 
our findings that the proportional makeup of CAFs by myCAFs was positively related to 
FN1 expression in the single-cell dataset and the poor survival of FN1-high cases within 
the discovery cohort. The fact that basal tumors had similarly elevated levels of over-
all FN1 expression (largely originating from myCAFs as well) compared to nonbasal, 
myCAF-enriched tumors might also align with the possibility that FN1 signaling to duc-
tal tumor cells drives the poor prognosis. Recent work supports this position, as in vitro 
co-cultures of PDAC cells and CAFs show that FN1 is heavily upregulated in metastatic 
CAF subsets and tied to increased invasiveness in migration assays [61]. It is also worth 
considering that this mechanism might involve immunosuppression, as FN1 has been 
observed as a key marker of POSTN+ CAFs which have been spatially linked with immu-
nosuppressive M2-like SPP1+ macrophages [13]. Ultimately, further work will be neces-
sary to determine key pathways, of which FN1 might constitute one such example, that 
provide an integrated explanation to PDAC aggression and worsened prognosis in both 
basal tumors and nonbasal, myCAF-enriched tumors.

Regardless, the relationship between the myCAF stromal population and pancreatic 
cancer progression and prognosis remains complex and uncertain. Historically, the 
dense stroma formed by myCAFs was thought to impede drug delivery and thus, che-
motherapeutic response, but mouse models later demonstrated increased aggression 
and metastasis in tumors where myCAFs were ablated through the deletion or inhibi-
tion of the embryonic signaling Sonic hedgehog (SHH), likely by a variety of mechanisms 
not limited to the alteration of local angiogenesis and immune cell function [76–79]. 
Since then, myCAF and by extension, CAF heterogeneity has been a major avenue of 
exploration, with different CAF subpopulations shown to operate through distinct 
mechanisms to yield varying prognoses [14]. For instance, the selective depletion of leu-
cine-rich-repeat-containing protein 15 (LRRC15)+ myCAFs was shown to improve the 
response rates to anti-PD-L1 immunotherapy [80]. In a separate study, the ablation of a 
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subpopulation of CD90− myCAFs by ERBB2 inhibition was further found to reduce lung 
and diaphragmatic metastases in orthotropic mouse models of PDAC [81]. Therefore, 
further work will be necessary to elucidate the functional heterogeneity of myCAFs in 
modifying PDAC aggression and identify markers defining key subpopulations contrib-
uting to tumor aggression.

In a similar vein, while novel CAF subtypes have been identified with immunomodula-
tory effects and linked with changes in prognosis in retrospective cohort studies, their 
heterogeneity and plasticity might raise the issue of how best to arrive at key CAF sub-
types to therapeutically target [11–13, 19, 81, 82]. The plasticity of CAFs may enable dif-
ferent subtypes to be isolated and cultured in large quantities in vitro, but their actual 
fractions might be substantially smaller, especially for subtypes which heavily overlap 
[83]. For example, outside of LRRC15+ and epidermal growth factor receptor (EGFR)+ 
myCAFs, Pleckstrin Homology-Like Domain Family A Member 1 (PHLDA1)+ CAFs 
are technically defined from matrix CAFs expressing both fibroblast activation protein 
(FAP) as well as POSTN, among other genes, and colocalize in spatial transcriptomic 
assays with POSTN+ CAFs, which were originally reported to drive immunosuppres-
sive macrophage recruitment in PDAC [13, 84, 85]. Further, discretely classifying CAFs 
becomes challenging in cases when markers overlap. For instance, endothelial-like 
CAFs (endoCAFs) are a very recently defined CAF subtype in PDAC marked by FAP 
and CD144 that promote tumor proliferation and metastasis via the CD144-driven beta-
catenin-STAT3 oncogenic axis [86]. Relating FAP+ CAFs with FAP+ POSTN+ matrix 
CAFs, FAP+ CD144+ endothelial-like CAFs (endoCAFs) and POSTN+ CAFs would con-
sequently require attention to their functional effects to tumor cells and consideration 
of how their phenotypes might vacillate depending on microenvironmental factors [85–
87]. Therefore, an integration of known CAF subtypes into overarching families along-
side their functional outcomes to tumor aggression might be the next step.

5  Limitations
Although we were able to validate our results across both bulk RNA-seq and microarray 
expression data, it is unclear whether TMI can be translated to immunohistochemistry 
(IHC) analyses that are a frequently employed tool in the workup of pancreatic tumors 
[88]. Previous work has affirmed the use of IHC staining to detect from resected tumors 
CAF subtypes, such as iCAFs and antigen-presenting CAFs [12]. Moreover, surrogate 
markers like GATA6 in IHC staining has been validated to align with molecular subtypes 
and predict clinical outcomes [89–93]. Additional validation will be needed to investi-
gate quantitative IHC in estimating CAF fractions to determine if it might offer the same 
predictive benefit that would warrant integration into regular histological workflows.

6  Conclusions
In conclusion, TMI staging suggests the potential incorporation of myCAF proportions 
and molecular consensus signatures in prognostication. Biologically, pro-metastatic 
signaling of FN1 from myCAFs to tumor cells and other CAFs may in part explain this 
phenomenon. Further validation on additional independent patient cohorts will be nec-
essary to integrate it into existing practice and investigate its application to the selection 
of patients for adjuvant or neoadjuvant chemotherapy.
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