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ABSTRACT

Background: Although immune checkpoint blockade (ICB) therapy has improved clinical outcomes for some patients with
lung adenocarcinoma (LUAD), only a subset of cases can achieve durable benefits, and primary resistance is often associated
with an immune-excluded tumor microenvironment (TME). Existing studies indicate that cancer-associated fibroblasts (CAFs)
are increasingly recognized as important participants in extracellular matrix (ECM) remodeling and stroma-immune crosstalk.
However, in LUAD, it is still unclear which CAFs-related programs are involved in immune exclusion, particularly in relation to
their spatial interactions with myeloid cell states.

Methods: We integrated eight publicly available LUAD single-cell RNA-seq cohorts (164 samples; 471,501 cells) using Harmony
and annotated major lineages and stromal subsets. CAFs were reclustered to resolve subtype heterogeneity, followed by pathway
activity scoring, weighted gene coexpression network analysis (WGCNA), pseudotime trajectory inference (Slingshot), and regu-
lon analysis. Bulk TCGA-LUAD data were used for immune-exclusion correlation and survival analyses. Spatial transcriptomics
was applied for in situ validation, and ligand-receptor analysis together with NicheNet was used to prioritize CAFs-derived
signaling interactions and downstream targets.

Results: The integrated atlas identified 10 major cell lineages and revealed tumor-associated expansion of stromal and myeloid
compartments. We further resolved six CAFs subtypes with distinct molecular and functional features. Tumor-enriched CAFs
subsets showed stronger activation of ECM remodeling, focal adhesion, TGF-f signaling, hypoxia-related pathways, and inflam-
matory programs. Bulk-level analyses in TCGA-LUAD demonstrated that CAFs-related signatures were associated with a T-cell
exclusion index and increased expression of the immune checkpoint-related molecule CD276 (B7-H3). Spatial transcriptomic
mapping further showed that selected CAFs signatures were enriched in hypoxic, nonepithelial regions and colocalized with
myeloid-associated signals, supporting the presence of a spatially constrained fibro-myeloid niche. Cell-cell communication
analysis revealed extensive ligand-receptor interactions between CAFs subtypes and myeloid populations, whereas survival and
immunotherapy cohort analyses showed that specific CAFs-related programs were associated with worse clinical outcomes and
less favorable treatment responses.
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provided the original work is properly cited.

Copyright © 2026 Yujun Zhou et al. Human Mutation published by John Wiley & Sons Ltd.

Human Mutation, 2026; 2026:3218916 10f17
https://doi.org/10.1155/humu/8218916


https://doi.org/10.1155/humu/8218916
https://doi.org/10.1155/humu/8218916
mailto:
https://orcid.org/0009-0004-6120-3634
mailto:
mailto:
mailto:
mailto:
mailto:
mailto:
mailto:
mailto:
mailto:
https://orcid.org/0009-0003-8852-2734
mailto:
https://orcid.org/0009-0001-3889-7584
mailto:
mailto:ppsjn6@163.com
mailto:nandingw@163.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Conclusions: Multicohort single-cell integration and spatial validation define a CAFs-centered, immune-excluded niche in
LUAD characterized by coordinated stromal and myeloid programs. These findings improve current understanding of CAFs
heterogeneity and fibroblast-myeloid coupling in LUAD and provide a framework for future strategies aimed at targeting stromal
barriers and remodeling the immune microenvironment to enhance ICB responsiveness.

1 | Introduction

Lung adenocarcinoma (LUAD) remains one of the leading
causes of cancer-related death worldwide, while patients who
can achieve durable clinical benefits from immune check-
point blockade (ICB) therapy are still limited to a subset of
individuals [1, 2]. An important biological reason for primary
resistance is the immune-excluded tumor microenvironment
(TME), in which, despite the presence of effector T cells, they
cannot effectively infiltrate tumor cell nests due to barriers
from stroma, metabolism, and signaling pathways [3, 4]. In
LUAD, this immune-excluded structure is usually accompa-
nied by hypoxia, extracellular matrix (ECM) remodeling, and
enrichment of immunosuppressive myeloid programs, factors
that collectively create a restrictive environment, thereby lim-
iting antigen-specific cytotoxicity and therapeutic responsive-
ness [5].

Among various stromal components, cancer-associated fibro-
blasts (CAFs) are increasingly recognized as important orga-
nizers of immune exclusion. CAFs shape the TME through
ECM deposition and stiffening, chemokine/cytokine secre-
tion, and direct regulation of immune cell migration and
function. In recent years, cross-cancer single-cell studies have
revealed significant heterogeneity in CAFs (such as inflam-
matory CAFs, myofibroblastic CAFs, and antigen-presenting
CAFs), and the balance between different CAFs states can
substantially affect immune infiltration, angiogenesis, and
therapeutic sensitivity [6, 7]. However, the biological charac-
teristics of CAFs are not solely determined intrinsically by the
cells: Immune exclusion phenotypes often arise from mutual
interactions between the stroma and the immune system, par-
ticularly the interactions between CAFs and macrophages.
This interplay can further amplify fibrosis and immune sup-
pression through feedback loops involving TGF-S-related pro-
grams, ECM-related ligands, and inflammatory mediators [8].

There is also increasing evidence indicating that CAFs do
not act alone, but rather interact closely with myeloid cells to
collectively construct a local microenvironment character-
ized by both fibrosis and immunosuppression [9]. Integrated
single-cell and spatial transcriptomic studies across multiple
solid tumors suggest that fibroblast-myeloid cell interactions
are often closely associated with spatial compartmentaliza-
tion, ECM deposition, immune checkpoint-related immune
dysfunction, and poor responses to immunotherapy. These
observations support the notion that stromal programs and
myeloid programs may work together to form anatomically
confined local niches, thereby limiting effective antitumor
immunity [10].

Against this background, there remains a need for systematic
study of the heterogeneity of CAFs in LUAD. Although recent

single-cell studies have greatly deepened our understanding of
stromal diversity in lung cancer, the functional states, regulatory
programs, and spatial organization of tumor-associated CAFs pop-
ulations are still not fully elucidated, especially in the context of
immune exclusion [11, 12]. Specifically, it remains unclear which
CAFs subpopulations are most closely associated with stromal re-
modeling, hypoxia adaptation, and immune regulation, and how
these stromal programs coordinate with myeloid cell states in the
LUAD microenvironment [10, 13]. Moreover, recent studies in
other solid tumors suggest that fibroblast-myeloid cell interactions
may be involved in forming fibrotic and immune-restricted local
niches, which also implies the possible existence of similar cellular
organizational structures in LUAD [14].

In this context, a comprehensive characterization of CAFs-
centered stromal remodeling in LUAD may provide important
insight into the cellular basis of immune exclusion. Integrating
large-scale single-cell transcriptomic data with trajectory analy-
sis, regulatory network inference, cell-cell communication anal-
ysis, and spatial validation may help clarify how distinct CAFs
states emerge, how they interact with myeloid populations, and
whether these interactions are associated with anatomically
constrained immune-excluded regions. A better understanding
of these fibroblast-centered programs may also help identify
candidate signaling pathways involved in fibrotic barrier forma-
tion and provide a rationale for developing therapeutic strategies
to improve immunotherapy response in LUAD.

2 | Materials and Methods
2.1 | Data Collection and Cohorts

We integrated eight publicly available LUAD scRNA-seq cohorts
(GSE148071, GSE131907, GSE179994, GSE127465, GSE207422,
GSE198099, GSE117570,and GSE223923), totaling 164 samples and
471,501 cells after quality control. For bulk-level validation, TCGA-
LUAD RNA-seq and associated clinical annotations were ob-
tained from UCSC Xena. Spatial transcriptomics datasets used for
validation were obtained from E-MTAB-13530 (https://www.om-
icsdi.org/dataset/biostudies-arrayexpress/E-MTAB-13530).  All
analyses were conducted on de-identified, publicly available data;
therefore, no additional ethics approval was required.

2.2 | Single-Cell Preprocessing, Integration,
and Clustering

Raw count matrices from each cohort were processed in
Seurat (v4.1.0). Cells with <500 detected UMIs or >15% mi-
tochondrial transcripts were removed, and potential doublets
were identified using the DoubletFinder function. Within
each dataset, counts were normalized and log-transformed;
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2000 highly variable genes were selected and scaled. Datasets
were integrated using Harmony (v 1.2.4) to mitigate batch ef-
fects. Principal component analysis (PCA) function was per-
formed on the integrated object, and the top PCs were used
to construct a shared nearest-neighbor graph (FindNeighbors
function) and perform graph-based clustering (FindClusters
function). Then uniform manifold approximation and projec-
tion (UMAP) was used for visualization.

2.3 | Cell Type Annotation and Differential
Expression

Major cell lineages and subclusters were annotated based on the
expression of well-established canonical markers. Specifically,
T/NK cells were identified by CD3D, CD3E, and NKG7; epithe-
lial cells by EPCAM and KRT19; B cells by CD79A and CD79B;
fibroblasts by COL1A1, COL3A1, and ACTA2; myeloid cells by
LYZ,FCGR3A, and CSF1R; endothelial cells by PECAM1, VWF,
and PLVAP; mast cells by KIT and CPA3; ciliated cells by FOXJ1
and DNAHS5; plasma cells by JCHAIN and MZB1; and prolifer-
ating cells by MKI67 and TOP2A. Cluster-specific marker genes
were then identified using Wilcoxon rank-sum tests, followed by
Benjamini-Hochberg correction for multiple testing, with com-
monly used cutoffs of min. pct = 0.25, logFC. threshold = 0.25,
and only. pos = TRUE.

2.4 | Tumor-Normal Composition Analysis

To quantify LUAD microenvironment remodeling, the fractions
of major cell types were compared between tumor and adjacent
normal tissues at the sample level. Differences were assessed
using two-sided Wilcoxon rank-sum tests. Volcano plots and
heat maps were generated from tumor-versus-normal DEG re-
sults and lineage-specific signature genes.

2.5 | CAFs Extraction and Subtype Definition

Fibroblast-lineage cells were subsetted from the integrated
single-cell atlas and analyzed separately to further resolve
CAFs heterogeneity. After reclustering, CAFs populations
were annotated according to their representative marker
genes, and subtype identities were recorded in the metadata as
CAFs_subtype.

2.6 | Functional State Scoring and Pathway Activity

To further evaluate the functional features of different CAFs
subtypes, we collected curated gene signatures correspond-
ing to several well-recognized CAFs states, including iCAFs,
VvCAFs, aCAFs, pCAFs, myCAFs, and mCAFs. Enrichment of
these signatures was calculated at the single-cell level using
AUCell. At the same time, ssGSEA was applied to score a series
of biological programs related to angiogenesis, inflammatory
response, PI3K-AKT signaling, TGF-{ signaling, proliferation,
hypoxia, ECM organization, and myofibroblast differentiation.

The overall functional profiles of different CAFs subtypes were
then summarized and displayed by radar plots. To complement
these analyses, PROGENy was also used, where appropriate, to
infer pathway activity based on downstream target genes under
settings recommended for single-cell data.

2.7 | Gene Set Enrichment Analysis

Subtype-specific marker genes and pseudobulk differential
expression results were subjected to Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrich-
ment analyses using clusterProfiler. For GSEA, genes were
ranked by signed effect size, and enrichment significance
was assessed with FDR-adjusted p values (<0.05 considered
significant).

2.8 | Weighted Gene Coexpression Network Analysis
(WGCNA/hdWGCNA)

To identify CAFs subtype-associated transcriptional modules,
we performed WGCNA on CAFs expression profiles using a
scale-free topology criterion to select the soft-thresholding
power. Modules were defined by hierarchical clustering of
the topological overlap matrix and summarized by module
eigengenes. Module-subtype associations were quantified
by correlating module eigengenes with CAFs subtype labels.
Hub genes were prioritized by intramodular connectivity
(e.g., kME) and visualized as coexpression networks for sub-
type-enriched modules, including POSTN* CAFs-associated
modules.

2.9 | Trajectory Inference and Pseudotime Dynamics

CAFs trajectory analysis was performed using Slingshot on the
UMAP embedding of the reclustered CAFs object. Specifically,
variable features were used for PCA, followed by UMAP con-
struction, and the resulting low-dimensional representation was
converted to a SingleCellExperiment object for trajectory infer-
ence. CAFs subtypes were used as cluster labels to infer lineage
structure, and pseudotime values were then assigned back to the
Seurat metadata for downstream visualization and analysis. For
display purposes, pseudotime progression and trajectory-related
transcriptional states were visualized on the UMAP space. In
some downstream analyses, cells were further grouped into
branch-associated bins along pseudotime to summarize dy-
namic expression patterns.

2.10 | Transcriptional Regulatory Network Inference

Transcriptional regulatory analysis was performed at the CAFs
subtype level to identify regulators associated with subtype-spe-
cific transcriptional programs. Candidate transcription factors
were prioritized based on their subtype-enriched activity pat-
terns and visualized using heat map-based summaries in down-
stream analyses.
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FIGURE1 | Integrated single-cell transcriptomic landscape of lung adenocarcinoma reveals cellular heterogeneity and tumor microenviron-
ment remodeling. (A) Pie charts showing the distribution of cell number (left) and sample number (right) across eight integrated scRNA-seq
datasets (GSE148071, GSE131907, GSE179994, GSE127465, GSE207422, GSE198099, GSE117570, and GSE223923). (B) UMAP visualization of
integrated single-cell data from 164 samples (471,501 cells) after batch correction, colored by 35 distinct cell clusters. (C) UMAP plots displaying
the expression of canonical marker genes for major cell lineages, including T cells (CD3E, CD3D, and KLRD1), epithelial cells (EPCAM, KRT19,
and CDH1), B cells (CD79A and CD79B), fibroblasts (COL1A1, COL3A1, and ACTA2), myeloid cells (LYZ, FCGR3A, and CSF1R), endothelial
cells (VWF, PECAM1, and PLVAP), mast cells (KIT and CPA3), ciliated cells (DYNC2H1, FOXJ1, and DNAHS5), plasma cells JCHAIN, MZBI1,
and IGHG1), and proliferating cells (MKI67, TOP2A, and CENPF). (D) UMAP visualization of annotated cell types, including T cells, B cells,
epithelial cells, stromal cells, myeloid cells, endothelial cells, mast cells, ciliated cells, plasma cells, and proliferating cells, with 35 transcrip-
tionally distinct subsets. (E) Dot plot summarizing the expression of representative marker genes across all annotated cell types, with dot size
representing the percentage of cells expressing the gene and color intensity indicating the average expression level. (F) Bar plot comparing the
fraction of each major cell type in tumor versus adjacent normal tissues, showing the remodeling of cellular composition in the LUAD micro-
environment. (G) Volcano plot of differentially expressed genes between tumor and normal tissues, highlighting key upregulated (e.g., MUC16
and MTRNR2L12) and downregulated genes. (H) Heat map displaying the expression profiles of signature genes across all annotated cell types,
colored by cell lineage and sample type (tumor vs. normal).
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2.11 | Immune Exclusion Metrics and Bulk
Validation

features, and group differences were evaluated using nonpara-
metric tests where appropriate.

For bulk-level validation in TCGA-LUAD, CAFs subtype signa-
tures were quantified using ssGSEA/GSVA based on subtype
marker genes. These subtype scores were then correlated with a
T-cell exclusion index using Pearson correlation analysis. In ad-
dition, samples were stratified according to subtype enrichment
for downstream comparisons of genomic or immune-related

2.12 | Spatial Transcriptomics Analysis

Spatial transcriptomic analyses were used to examine the spa-
tial distribution of CAFs-related programs and their relationship
with local niche organization. Signature scores and selected
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FIGURE2 | Transcriptional and functional heterogeneity of cancer-associated fibroblasts (CAFs) in lung adenocarcinoma. (A) UMAP projec-
tion of all CAFs cells, colored by CAFs subtypes (CXCL8+*CAFs, IKZF2*CAFs, JUND*CAFs, LHFP*CAFs, POSTN*CAFs, and PPARG*CAFs),
illustrating the distinct clustering of each CAFs subset. (B) Dot plot showing the expression of key marker genes across different CAFs subtypes.
The size of the dots represents the percentage of cells expressing the gene, and the color gradient represents the average expression level (low to
high). (C) Stacked bar chart displaying the fraction of each CAFs subtype in normal and tumor samples, revealing the proportional distribution
of CAFs subsets between normal and tumor microenvironments. (D) Radar plot illustrating the functional polarization of CAFs subtypes across
six CAFs functional states iCAFs, vCAFs, aCAFs, pCAFs, myCAFs, and mCAFs), with each line representing a distinct CAFs subtype. (E) Heat
map of CAFs signature gene expression, with cells ordered by CAFs subtype and sample type (normal/tumor). The color gradient represents
the normalized expression level (Z-score) of each gene, and the top annotation bars indicate CAFs subtype and sample type. (F) Heat map of
pathway activity scores (ssGSEA) for key CAFs-related biological processes (angiogenesis, inflammatory response, PI3K-AKT signaling, TGFf
signaling, cell proliferation, hypoxia, ECM organization, and myofibroblast differentiation) across CAFs subtypes and sample types. The top
annotation bars indicate sample type and CAFs subtype. (G) Heat map of transcription factor (TF) activity or gene set enrichment across CAFs
subtypes and sample types, with cells ordered by CAFs subtype and sample type, and the color gradient representing the normalized activity
score (Z-score). (H) Box plot comparing the ssGSEA scores of CAFs signature pathways between normal (blue) and tumor (red) samples for each

CAFs subtype. Statistical significance is indicated by asterisks (x+, p < 0.0001; s+, p < 0.001; #x, p < 0.01; and =, p < 0.05).

marker genes were projected onto spatial coordinates to visu-
alize compartmental localization and co-occurrence patterns of
stromal, epithelial, and immune-associated features. Gene-level
spatial maps were further used to illustrate representative niche
components and their spatial proximity.

2.13 | Cell-Cell Communication
and Ligand-Receptor Inference

Cell-cell communication analysis was performed to investigate
interactions between CAFs subtypes and other cellular com-
partments, particularly myeloid populations. Ligand-receptor
relationships and downstream signaling patterns were summa-
rized in downstream visualizations to prioritize candidate in-
tercellular signaling axes associated with CAFs-centered niche
remodeling.

2.14 | Survival and Response Analyses

For clinical relevance analysis, subtype-related scores derived
from bulk transcriptomic data were used for downstream as-
sociation analyses in TCGA-LUAD. Samples were grouped
according to CAFs subtype enrichment, and differences in out-
come-related or immune-related features were subsequently
evaluated.

2.15 | Statistics and Reproducibility

Unless otherwise specified, statistical analyses were performed
in R. Group comparisons were mainly conducted using non-
parametric tests, whereas association analyses were evaluated
using Pearson correlation where appropriate. Data processing
and visualization were implemented with commonly used sin-
gle-cell analysis packages, including Seurat, Slingshot, GSVA,
ggplot2, patchwork, and ComplexHeatmap.

2.16 | T-Cell Exclusion Index Analysis

To further assess the relationship between the POSTN* CAFs
program and immune suppression, a T-cell exclusion index

was calculated in the TCGA-LUAD cohort based on a pre-
defined exclusion-related gene signature, including CD274,
PDCD1, CTLA4, TIGIT, LAG3, HAVCR2, CD276, LGALS9,
PDCD1LG2, TNFRSFS8, IDO1, and ARGI1. The enrichment
score of this signature was estimated for each sample using
ssGSEA, and the resulting score was used as a proxy for the
degree of T-cell exclusion. Pearson correlation analysis was
subsequently performed to evaluate its association with the
POSTN score.

2.17 | Immunotherapy Cohort Analysis

To provide additional clinical validation in the immunother-
apy setting, public immunotherapy cohorts were further an-
alyzed. For each cohort, signature scores for programs were
calculated and integrated with available clinical information.
In IMvigor210, combined groups were defined according to
POSTN*CAFs and CCL3*Mph scores, and survival differences
were evaluated using Kaplan-Meier curves and log-rank tests,
followed by pairwise comparisons with BH adjustment when
applicable. Pearson correlation analysis was also performed
to examine the relationship between the two signatures. In
GSE135222, patients were stratified according to signature
scores using an optimal cutoff estimated by surv_cutpoint, or
the median value when cut-point estimation failed, and survival
analysis was performed accordingly.

3 | Results

3.1 | Multicohort Integration Constructs a
High-Resolution Single-Cell Atlas of LUAD

and Reveals Tumor-Associated Microenvironment
Remodeling

We integrated single-cell RNA-seq data from eight indepen-
dent LUAD cohorts (GSE148071, GSE131907, GSE179994,
GSE127465, GSE207422, GSE198099, GSE117570, and
GSE223923). Then, we further supplemented the integrated
UMAP visualization for seven independent scRNA-seq data-
sets to evaluate integration quality across cohorts. Cells were
colored by dataset origin, and the integrated embedding
showed substantial intermixing across batches with minimal
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dataset-driven segregation, supporting effective batch cor-
rection and robust cross-cohort integration (Figure S1A).
After quality control and batch correction, a total of 471,501
cells from 164 samples were retained for downstream analy-
sis, generating an integrated LUAD cell atlas (Figure 1A-B).
Unsupervised clustering identified 35 transcriptionally dis-
tinct clusters, which could be grouped into 10 major cell lin-
eages, including T cells, B cells, epithelial cells, fibroblasts,
myeloid cells, endothelial cells, mast cells, ciliated cells, plasma

cells, and proliferating cells (Figure 1B,D). Cell identities were
assigned based on canonical marker genes, such as CD3E/
CD3D for T cells, EPCAM/KRT19/CDH]1 for epithelial cells,
COL1A1/COL3A1/ACTA2 for fibroblasts, and LYZ/FCGR3A/
CSF1R for myeloid cells (Figure 1C,E). We next compared
the cellular composition between tumor and adjacent normal
tissues at the sample level. Tumor samples showed higher
proportions of stromal, myeloid, and proliferating cell popula-
tions than normal tissues (Figure 1F), suggesting substantial
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Figure 3 | Legend on next page.
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FIGURE3 | Weighted gene coexpression network analysis (WGCNA) identifies subtype-specific functional modules and regulatory networks
in cancer-associated fibroblasts (CAFs). (A) Selection of soft-thresholding power for WGCNA. Plots show scale-free topology model fit (top left),
mean connectivity (top right), median connectivity (bottom left), and max connectivity (bottom right) as functions of the soft power threshold.
The selected soft power (black dot) ensures a scale-free network structure. (B) Hierarchical clustering dendrogram of CAFs cells (hdWGCNA),
with module colors assigned to distinct gene coexpression modules (M1-M5). (C) Heat map of correlation coefficients between WGCNA mod-
ules (M1-M5) and CAFs subtypes. Color gradient represents correlation strength and direction (blue: negative; red: positive). (D) Bar plots of
eigengene connectivity (KME) for genes within each module (M1-M5). Top hub genes (highest KME) are annotated for each module. (E) UMAP
visualization of CAFs cells colored by module eigengene (ME) expression for M1-M5, showing spatial distribution of module activity across
the CAFs population. (F) Dot plot of module activity (measured by |Avg ME|) across CAFs subtypes. Dot size corresponds to|Avg ME|, and color
gradient represents average gene expression within the module (blue: low; red: high). (G) Violin plots of module activity (M1-M4) stratified by
CAFs subtype, showing module eigengene expression distribution across CAFs subsets. (H) Coexpression network visualization for modules M1
(pink), M2 (orange), M3 (green), and M4 (red). Nodes represent hub genes; edges represent significant coexpression (correlation strength > 0.8).
(I) Coexpression network visualization for POSTN* CAFs. Node size is proportional to gene connectivity (degree); edge thickness represents

coexpression strength (correlation coefficient).

remodeling of the TME in LUAD. Consistent with this, differ-
ential expression analysis between tumor and normal tissues
further identified a set of tumor-associated transcriptional
changes, with genes such as MUC16 and MTRNR2L12 among
the representative upregulated features (Figure 1G). We also
presented the expression patterns of marker genes across all
annotated cell types, with cells colored by lineage and sample
type (tumor vs. normal) (Figure 1H).

3.2 | LUAD Harbors Six CAFs Subtypes With Distinct
Molecular Identities and Functional Polarization,
Including Tumor-Enriched POSTN* CAFs

To further resolve fibroblast heterogeneity, we reclustered
stromal fibroblasts and identified six CAFs subtypes, namely
CXCL8* CAFs, IKZF2* CAFs, JUND* CAFs, LHFP* CAFs,
POSTN* CAFs, and PPARG* CAFs, based on their dominant
marker genes (Figure 2A,B). Analysis of subtype composition
showed that POSTN' CAFs and IKZF2* CAFs were prefer-
entially enriched in tumor tissues compared with adjacent
normal tissues (Figure 2C). We next examined the functional
features of different CAFs subtypes using canonical CAFs-
related programs, including iCAFs, vCAFs, aCAFs, pCAFs,
myCAFs, and mCAFs. Radar plot analysis suggested that
POSTN* and LHFP* CAFs were more strongly associated
with myCAFs-like features, whereas the overall CAFs pop-
ulation displayed a more iCAFs-like inflammatory profile
(Figure 2D). Consistently, pathway activity analysis further
showed that POSTN* CAFs had the strongest activation of
pathways related to ECM-receptor interaction, focal adhe-
sion, PI3K-AKT signaling, and TGF-§ signaling. In addition,
ssGSEA-based pathway scoring revealed clear subtype-spe-
cific differences in angiogenesis, inflammatory response,
PI3K-AKT signaling, TGF-f signaling, proliferation, hy-
poxia, ECM organization, and myofibroblast differentiation
(Figure 2E,F). Among these subtypes, PPARG* CAFs and
POSTN* CAFs showed particularly strong enrichment of an-
giogenesis-related programs, which was also more evident in
tumor tissues. Moreover, transcription factor activity was gen-
erally higher in PPARG"™ CAFs and POSTN* CAFs, whereas
IKZF2* CAFs appeared relatively inactive in ECM-related
and other biological programs, with overall low transcription
factor activity as well (Figure 2G).

When tumor-derived and normal-derived CAFs were com-
pared, tumor-associated CAFs showed significantly higher
pathway activity scores across subtypes (Figure 2H), support-
ing a globally activated and protumorigenic stromal state in
LUAD. It is noteworthy that POSTN* CAFs exhibit the high-
est activity in multiple key pathways, especially in the TGF-$
signaling pathway, ECM-receptor interaction, and focal adhe-
sion, suggesting that this subpopulation may play an import-
ant role in coordinating these matrix-related functions in the
LUAD microenvironment.

3.3 | WGCNA Defines Subtype-Specific CAFs
Coexpression Modules and Highlights POSTN™*
CAFs-Centered Regulatory Programs

To further characterize transcriptional heterogeneity across
CAFs, a soft-thresholding power of 2 was selected to achieve
a scale-free topology (R? = 0.9) (Figure 3A). Based on this pa-
rameter, five independent coexpression modules (M1-M5) with
distinct gene expression patterns were identified (Figure 3B).
Correlation analysis showed clear subtype preferences for these
modules, with individual modules preferentially associated with
specific CAFs subsets. Among them, POSTN* CAFs showed the
strongest correlation with M1, which was characterized by genes
such as CALD1, TPM4, and ITGB1 (Figure 3C). Intramodular
hub genes were further prioritized according to module mem-
bership (kME) (Figure 3D). In addition, to better interpret the
biological significance of the five WGCNA modules (M1-M5),
we performed GO and KEGG enrichment analyses for module
genes. Bar plots were used to summarize the top enriched terms
from biological process (BP), cellular component (CC), molec-
ular function (MF), and KEGG pathways for each module. In
these plots, the color gradient indicates enrichment significance,
and bar length represents the gene ratio (Figure S1B-F). These
analyses provided a more systematic functional annotation of
module-specific transcriptional programs and further sup-
ported the biological interpretation of distinct CAFs-associated
coexpression modules. Projection of module eigengene ac-
tivity onto the UMAP revealed distinct distribution patterns
across the CAFs population (Figure 3E). In addition, network
visualization of representative modules highlighted densely
connected hub genes within each module, providing a coexpres-
sion-based framework for understanding subtype-associated
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transcriptional programs in CAFs (Figure 3F,G). Based on
the downstream analyses and the particular relevance of the
POSTN-high state, we further revised the presentation to show
the coexpression networks of M1, M2, M3, and M4 in the main
figure, whereas the remaining module networks are provided
in Figure S1G. The identification of these core regulatory genes
provides important insight into the molecular basis underly-
ing the characteristics and functions of different CAFs subsets

Pscudotime progression

in the TME. Notably, ATP5E and GLTSCR2 emerged as highly
connected hub nodes, suggesting that they may play important
roles in maintaining network structure and stability, and further
deepening our understanding of CAFs subtype specialization
in LUAD (Figure 3H,I). Overall, this network-based analysis
revealed the complex transcriptional architecture underlying
CAFs heterogeneity and provided a basis for subsequent investi-
gation of pathway activity and regulatory mechanisms.
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FIGURE 4 | Pseudotime trajectory and transcriptional regulatory network analysis uncovers CAFs differentiation progression and core reg-
ulators in lung adenocarcinoma. (A) UMAP visualization of CAFs pseudotime trajectory inferred by Slingshot, colored by CAFs subtypes
(CXCL8*CAFs, IKZF2*CAFs, JUND*CAFs, LHFPtCAFs, POSTN*tCAFs, and PPARGTCAFs), with trajectory lines indicating the differen-
tiation branches. (B) UMAP plot of CAFs pseudotime progression, with cell color gradient representing pseudotime values (low to high) to
reflect continuous differentiation. (C) UMAP visualization of seven distinct transcriptional states identified by clustering along the pseudotime
trajectory, colored by state. (D) Fine-grained heat map of pseudotime-related differentially expressed (DE) genes in CAFs, with genes clus-
tered into four expression modules (C1-C4). Left: Average expression trends of each module along pseudotime, with key core genes (VCAN,
COL1A1, STAT1, POSTN, CCL2, and JUND) labeled. Right: Functional annotations (GO biological processes) for each module. Columns rep-
resent pseudotime bins across two differentiation branches. (E) Expression trends of core CAFs functional genes along pseudotime, with each
subplot showing the distribution (dots) and loess-fitted trend line (smooth) of gene expression, colored by CAFs subtype. (F) Heat map of tran-
scription factor (TF) regulon activities inferred by R-SCENIC, with cells ordered by CAFs subtype to display distinct TF regulon usage patterns
across CAFs subsets. Color gradient represents normalized activity (Z-score). (G) UMAP feature plot of FOXS1 expression in CAFs, with color
gradient representing expression level from low (gray) to high (red). (H) Violin plot of FOXS1 expression stratified by CAFs subtype, showing
the expression distribution across different CAFs subsets. (I) UMAP feature plot of IL24 expression in CAFs, with color gradient representing
expression level from low (gray) to high (red). (J) Violin plot of IL24 expression stratified by CAFs subtype, showing the expression distribution

across different CAFs subsets.

3.4 | Pseudotime and Regulon Analyses Reveal CAFs
Differentiation Trajectories and Nominate FOXS1
and IL24 as Subtype-Specific Regulators

Trajectory inference using Slingshot reconstructed the dy-
namic progression of CAFs and revealed two major differenti-
ation branches (Figure 4A-B). Unsupervised state assignment
along pseudotime further identified seven transcriptional
states. The inferred lineage topology suggested a branched
differentiation pattern, with IKZF2* CAFs located near the
root, JUND* CAFs occupying an intermediate position, and
LHFP* and POSTN* CAFs representing terminal states.
Pseudotime ordering indicated a gradual transition from rela-
tively quiescent fibroblast states toward activated phenotypes
characterized by ECM production and immune-modulatory
features (Figure 4C). Pseudotime-associated differentially
expressed genes were grouped into four temporal expression
modules (C1-C4), showing sequential activation of programs
related to ECM/focal adhesion (e.g., VCAN and COL1Al),
inflammatory and TGF-S-associated signaling (e.g., STAT1
and POSTN), immune recruitment (e.g., CCL2), and stress/
proliferation-related responses (e.g., JUND) (Figure 4D,E).
We also observed that FOXS1 and IL24 were strongly asso-
ciated with POSTN* CAFs (Figure 4F). UMAP visualization
further showed that both genes were markedly enriched in
the POSTN* CAFs cluster compared with other fibroblast sub-
types, although they were also expressed in additional subsets
(Figure 4G,I). In particular, we also showed the expression
patterns of these two transcription factors in other CAFs sub-
types, and I1L24 was also prominently expressed in CXCL8*
CAFs (Figure 4H,7J). Together, these findings suggest a contin-
uous differentiation spectrum from relatively quiescent fibro-
blasts to terminal CAFs states, and nominate FOXS1 and 1L24
as candidate transcriptional regulators associated with stro-
mal remodeling and immune-excluded microenvironments.

3.5| POSTN* and CXCL8* CAFs Programs Associate
With Immune Exclusion and Localize to Hypoxic,
Nonepithelial Regions in Spatial Transcriptomics

GSEA indicated that POSTN* CAFs were enriched for
ECM-receptor interaction, focal adhesion, and gap junction

pathways (Figure 5A), whereas CXCL8" CAFs were enriched
for JAK-STAT signaling, cytokine-cytokine receptor interac-
tion, and chemokine signaling (Figure 5B). In TCGA-LUAD,
the POSTN* CAFs signature score correlated positively with
a T-cell exclusion index (Figure 5C), and subtype-level analy-
ses showed that POSTN* and CXCL8* CAFs signatures were
among the most strongly associated with immune exclusion
(Figure 5D). Spatial transcriptomics validated these relation-
ships in situ: POSTN* and CXCL8* CAFs signature scores
localized predominantly to hypoxic, nonepithelial regions,
whereas epithelial programs concentrated in tumor-cell-rich
compartments (Figure 5E-H). Spatial feature plots further
showed the colocalization of POSTN/CXCLS, the CAFs marker
COL1A1, and the CD68* myeloid signal (Figure 5I,K), consis-
tent with a spatially constrained fibro-myeloid niche. Finally,
in both the TCGA-LUAD cohort (Figure 5J) and an indepen-
dent spatial cohort (two-sided Wilcoxon rank-sum test), CD276
(B7-H3) expression differed significantly between the POSTN*
CAFs-high and POSTN* CAFs-low groups (Figure 5L), sup-
porting differences in the enrichment of an immunosuppres-
sive checkpoint-associated microenvironment according to the
abundance of POSTN* CAFs.

3.6 | Ligand-Receptor and NicheNet Analyses
Uncover a CAFs-Myeloid Communication Network
Dominated by POSTN* CAFs-Derived Ligands

and CCL3* Myeloid Programs

Intercellular communication analysis revealed extensive
ligand-receptor interactions between CAFs subtypes and
multiple myeloid subpopulations (Figure 6A). Among these
interactions, POSTN* CAFs showed the strongest commu-
nication with Monocyte_1 (Figure 6B). We then visualized
the distribution of myeloid subpopulations on the UMAP
(Figure 6C,D). The POSTN*' CAFs signature score was cal-
culated and displayed within the CAFs compartment using a
CAFs-only Seurat object (Figure 6E,F). In parallel, the CCL3*
myeloid signature was assessed across myeloid populations
to illustrate its distribution among distinct myeloid subsets
(Figure 6G,H). To further prioritize functionally relevant sig-
naling events, NicheNet analysis ranked high-confidence li-
gands derived from CAFs subtypes (Figure 6I) and highlighted
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subtype-associated ligand-receptor pairs (Figure 6J). In ad-
dition, the predicted target gene programs downstream of
POSTN* CAFs-associated ligands were visualized across
CAFs subtypes (Figure 6K). Together, these findings support
extensive CAFs-myeloid communication in LUAD and high-
light distinct subtype-associated signaling patterns across
CAFs and myeloid populations within the TME.

3.7 | POSTN* and CXCL8* CAFs Signatures
Associate With Adverse Clinical Outcomes
and Couple With CCL3* Myeloid Programs in Bulk
and Spatial Settings

In the TCGA-LUAD cohort, Kaplan-Meier analysis showed
that patients with higher POSTN*CAFs or CXCL8*CAFs
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Figure 5 | Legend on next page.
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FIGURES5 | Functional enrichment and spatial characterization of CAFs subtypes in lung adenocarcinoma. (A) Gene set enrichment analysis
(GSEA) of POSTN* CAFs cells from scRNA-seq data, showing significant enrichment of pathways including ECM-receptor interaction, focal
adhesion, and gap junction. Normalized enrichment scores (NES) and p values are indicated. (B) GSEA of CXCL8* CAFs cells from scRNA-
seq data, showing significant enrichment of pathways including JAK-STAT signaling pathway, cytokine-cytokine receptor interaction, and
chemokine signaling pathway. NES and p values are indicated. (C) Scatter plot showing the positive correlation between POSTN* CAFs sig-
nature score and T-cell exclusion index in the TCGA-LUAD cohort. Pearson correlation coefficient (R) and p value are annotated. (D) Scatter
plots showing the correlation between CAFs subtype signature scores (POSTN* CAFs, CXCL8* CAFs, PPARG* CAFs, JUND™* CAFs, IKZF2*
CAFs, and LHFP* CAFs) and T-cell exclusion index in the TCGA-LUAD cohort. Regression lines and p values are indicated for each subtype.
(E) Spatial transcriptomics visualization of section P24_T1, colored by unsupervised clustering of cell states. (F) Spatial distribution of signature
scores for hypoxia, epithelial, TNK1, POSTN* CAFs, and CXCL8* CAFs in section P24_T1, overlaid on tissue histology. Color gradient rep-
resents signature score intensity. (G) Spatial transcriptomics visualization of section P16_B2, colored by unsupervised clustering of cell states.
(H) Spatial distribution of signature scores for hypoxia, epithelial, TNK1, POSTN* CAFs, and CXCL8* CAFs in section P16_B2, overlaid on
tissue histology. Color gradient represents signature score intensity. (I) Spatial expression heat maps of CXCL8, POSTN, COL1A1, and CD68 in
section P24_T1, overlaid on tissue histology. Color gradient represents gene expression level. (J) Box plot comparing CD276 (B7-H3) expression
levels between POSTN' CAFs low and high groups in the TCGA-LUAD cohort. Statistical significance is indicated by asterisks (x, p < 0.05). (K)
Spatial expression heatmaps of IL6, POSTN, COL1A1, and CD68 in section P15_B2, overlaid on tissue histology. Color gradient represents gene
expression level. (L) Box plot comparing CD276 (B7-H3) expression levels between POSTN* CAFs low and high groups in an independent spatial

transcriptomics cohort. Statistical significance is indicated by asterisks (s, p < 0.0001).

signature scores had worse overall survival than those with
lower scores (log-rank test; Figure 7A). Further stratification
by combining CAFs subtype signatures with the CCL3*Mph
signature separated patients into distinct risk groups, indi-
cating that different combinations of fibroblast and myeloid
programs were associated with different clinical outcomes
(Figure 7A). In the immunotherapy cohorts, survival analy-
sis and response comparison were further performed accord-
ing to the POSTN*CAFs signature. In IMvigor210, patients
with higher POSTN*CAFs signature scores had significantly
shorter overall survival and showed a poorer response to im-
munotherapy than those in the low-score group (Figure 7B).
Similar analyses were also performed in GSE135222, where
both survival and response status were compared between
groups stratified by the POSTN*CAFs signature, and compa-
rable results were observed (Figure 7C). At the bulk-transcrip-
tome level, co-occurrence analysis in TCGA-LUAD showed
correlations between CAFs subtype signatures and immune
cell signatures (Figure 7D). In particular, POSTN*CAFs and
CXCL8*CAFssignature scores were positively correlated with
the CCL3*Mph signature score (Figure 7E,F). Spatial tran-
scriptomic analysis further demonstrated the distribution of
POSTN*CAFs and CCL3*Mph signatures in two LUAD sec-
tions (P16_T1 and P24_T1), and correlation analysis further
supported their spatial association within tissue sections. The
correlation coefficients in the two samples were 0.12 and 0.23,
respectively, with both p values <0.001. In addition, the over-
lapping dual-high regions accounted for 28.5% and 30.0% of
the corresponding spatial sections, respectively (Figure 7G-J).
Taken together, these findings support a close relationship be-
tween CAFs-related and myeloid-related programs in LUAD.

4 | Discussion

In this study, by integrating eight independent LUAD sin-
gle-cell RNA-seq cohorts together with bulk transcriptomic
and spatial transcriptomic data, we constructed a large-scale
single-cell atlas and systematically characterized CAFs het-
erogeneity, functional states, and stromal-myeloid com-
munication patterns in LUAD [10, 15]. Several findings are

particularly notable. First, LUAD contained multiple tran-
scriptionally and functionally distinct CAFs subtypes, among
which POSTN* CAFs and CXCL8* CAFs showed the stron-
gest associations with tumor-related stromal activation [13].
Second, POSTN* CAFs displayed prominent enrichment of
ECM remodeling, focal adhesion, PI3K-AKT, and TGF-S-re-
lated programs, suggesting that this subtype may represent a
fibroblast state closely linked to matrix deposition and stromal
activation. Third, trajectory and regulatory analyses further
indicated that CAFs heterogeneity was not purely static, but
was organized along a continuous differentiation spectrum,
with IKZF2* CAFs located closer to the root and LHFP* and
POSTN* CAFs occupying more terminal states. Finally, across
bulk, spatial, and cell-cell communication analyses, we con-
sistently observed a close relationship between POSTN* CAFs
and CCL3* myeloid programs, supporting the existence of a fi-
broblast-myeloid interaction pattern associated with immune
exclusion and adverse clinical outcome in LUAD.

Importantly, we connected these CAFs states to immune ex-
clusion quantitatively and spatially [16]. In TCGA-LUAD,
POSTN* CAFs abundance correlated with a T-cell exclusion
index, suggesting that ECM-dominant CAFs programs align
with impaired T-cell penetration or function. Spatial tran-
scriptomics further supported an anatomical interpretation:
POSTN* and CXCL8" CAFs signatures localized predomi-
nantly to hypoxic, nonepithelial regions and colocalized with
CD68* myeloid signals. This spatial arrangement mirrors
a “border” or “barrier” niche reported in multiple cancers,
where fibroblast-rich stroma and myeloid-dominant inflam-
mation surround tumor nests and restrict cytotoxic lympho-
cyte access. This limitation at the microscopic anatomical
level may explain why some tumors, although immune cells
can be observed in the periphery, still lack response to ICB
therapy in practice, because effector cells cannot enter and at-
tack tumor cells.

A central significance of our study is that the heterogeneity
of CAFs in LUAD is not simply defined by marker genes, but
has a clear, specific functional structure. Although previous
single-cell studies have suggested heterogeneity of fibroblasts
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in lung cancer [17, 18], our pooled analysis further shows that
different CAFs subsets correspond to different pathway activ-
ity, coexpression modules, and potential regulatory statuses.
Specifically, POSTN* CAFs have been repeatedly associated
with ECM-related features and myofibroblast-like features,
whereas CXCL8* CAFs are more likely to be associated with
inflammatory signals. This distinction is important because
it suggests that different CAFs states may promote tumor pro-
gression through different mechanisms. That is, CAFs cannot
simply be considered stromal cell compartments; conversely,
our results support the conclusion that specific CAFs states play

A) oxcisecnr  KEF2ICAF (B) POSTN+CAF -Myeloid Interactions (©

LHFP+CAF 37

differential roles in matrix remodeling, immunomodulation,
and possibly treatment tolerance.

Among these subpopulations, POSTN* CAFs are the most sta-
ble and consistent tumor-associated population. This subpopu-
lation is significantly enriched in tumor tissues and exhibits the
highest activity in TGF-g signaling, ECM-receptor interaction,
and focal adhesion and is closely related to the coexpression
module of CALDI1, TPM4, and ITGBI1. Taken together, these
features suggest that POSTN* CAFs are closely related to a ma-
trix remodeling and contractile stromal phenotype. In addition,
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FIGURE 6 | Intercellular communication analysis reveals ligand-receptor interactions between CAFs subtypes and myeloid cells in lung adeno-
carcinoma. (A) Circle plot visualization of intercellular communication networks in the integrated LUAD single-cell atlas, illustrating significant
ligand-receptor interactions between CAFs subtypes (POSTN* CAFs, CXCL8* CAFs, PPARG*™ CAFs, JUND™* CAFs, IKZF2* CAFs, and LHFP+
CAFs) and major myeloid subpopulations (Monocyte_1 to Monocyte_5). Node size corresponds to interaction strength, and edge color indicates
the participating CAFs-myeloid cell pairs. (B) Bar chart quantifying the number of predicted ligand-receptor interactions between POSTN* CAFs
and distinct myeloid cell subtypes (Monocyte_1 to Monocyte_5). Error bars represent standard deviations. (C) UMAP projection of myeloid cell
subpopulations in the integrated LUAD single-cell atlas, colored by distinct myeloid subtypes (M1-M6). (D) Heat map of correlation coefficients
between CAFs subtype signature scores and myeloid cell subtype abundances based on ligand-receptor interaction pairs. Color gradient represents
correlation strength (red: positive; blue: negative). (E) UMAP feature plot of POSTN* CAFs signature scores. Color gradient indicates signature
score intensity. (F) Violin plots showing the distribution of POSTN* CAFs signature scores across distinct CAFs subtype subpopulations. (G) UMAP
feature plot of CCL3* myeloid signature scores overlaid on myeloid cell UMAP coordinates. Color gradient indicates signature score intensity. (H)
Violin plots showing the distribution of CCL3* myeloid signature scores across distinct myeloid subpopulations (M1-M6). (I) Bar plot ranking the
top 20 predicted ligands derived from CAFs subtypes according to interaction strength. (J) Lollipop plot visualizing the top predicted ligand-recep-
tor pairs from CAFs subtypes, with dot size representing interaction strength and color indicating the corresponding CAFs subtype. (K) Heat map
showing the expression patterns of predicted target genes downstream of POSTN* CAFs-associated ligands across CAFs subtypes. Color gradient

represents normalized expression (Z-score).

WGCNA has identified highly linked key genes such as ATPSE
and GLTSCR2, suggesting that the transcriptome of subsets of
CAFs may be supported by a relatively stable network struc-
ture. Although these analyses are not sufficient to demonstrate
a direct causal effect, they at least suggest that specific subsets
of CAFs may represent different stromal states that are critical
in maintaining the LUAD fibrotic TME. This explanation is
also consistent with the results of pseudo-timing analysis that
POSTN* CAFs are located near terminal branches, further sup-
porting that this subset may correspond to a more activated or
differentiated fibroblast state.

Another important finding is that CAFs biology in LUAD ap-
pears to be closely linked to myeloid programs rather than acting
in isolation. Cell-cell communication analysis showed exten-
sive ligand-receptor interactions between CAFs subtypes and
myeloid populations, with POSTN* CAFs showing the strongest
communication with one myeloid subpopulation. At the same
time, bulk-level analyses showed positive correlations between
POSTN* CAFs and CCL3* myeloid signatures, and spatial tran-
scriptomics further supported their local cooccurrence within
the same tissue regions. Taken together, these findings support
the idea that stromal and myeloid compartments may form co-
ordinated niches in LUAD. In this context, POSTN* CAFs may
contribute to a structurally restrictive environment through
ECM remodeling, whereas associated myeloid programs may
further reinforce immune dysfunction. Our data therefore favor
a model of fibroblast-myeloid cooperation rather than one in
which either stromal cells or immune cells alone determine the
immune landscape.

Our results also have implications for understanding immune
exclusion in LUAD. The POSTN* CAFs signature showed a pos-
itive correlation with a T-cell exclusion index in TCGA-LUAD,
and POSTNT* as well as CXCL8*" CAFs programs were prefer-
entially localized to hypoxic, nonepithelial regions in spatial
transcriptomic sections. In addition, CD276 (B7-H3) expression
differed significantly between POSTN* CAFs-high and POSTN*
CAFs-low groups, supporting differences in the immune check-
point-related microenvironment according to stromal state [19].
These observations suggest that immune exclusion in LUAD
may not simply reflect lack of immune infiltration, but may in-
stead arise in the setting of a fibrotic and spatially constrained
stromal niche accompanied by myeloid-associated immune

suppression. Within this framework, POSTN* CAFs are partic-
ularly noteworthy because they are located at the intersection
of matrix remodeling, hypoxia-related spatial positioning, and
immune-related transcriptional changes [20].

Pseudotime and regulatory network analysis provide another
layer of explanation for understanding the evolution of CAFs.
The six CAFs subpopulations are not completely independent fi-
broblast groups but rather appear connected along a continuous
differentiation trajectory. The inferred lineage topology shows
that IKZF2* CAFs are closer to the root state, JUND* CAFs
occupy an intermediate position, whereas LHFP+ and POSTN*
CAFsaresituated nearer to the terminal branches. Gene modules
associated with pseudotime further reveal sequential activation
of ECM-related, inflammation-related, immune recruitment-re-
lated, and stress response-related programs. In this context,
FOXS1 and 1124 were identified as candidate regulatory factors
linked to subpopulation-specific states. Notably, FOXS1 is pref-
erentially enriched in POSTN* CAFs, whereas IL24 shows high
expression not only in POSTN* CAFs but also in CXCL8* CAFs,
suggesting that different regulatory factors may be involved in
distinct branches of CAFs activation. Although direct evidence
regarding FOXS1 in lung cancer CAFs remains limited, studies
in other tumor types and fibrosis-related research have already
associated FOXS1 with TGF-{ responsiveness, stromal activa-
tion, and epithelial-mesenchymal transition, and pan-cancer
analyses also suggest that high FOXS1 expression could be
linked to a more immunosuppressive TME [21]. These obser-
vations are consistent with the speculation that FOXS1 may
participate in stromal activation and fibroblast state transition
in LUAD [22, 23]. In contrast, IL24 has been more extensively
studied in tumor biology, especially in the context of lung cancer,
where it is generally described as a tumor-suppressive cytokine
with proapoptotic and antiangiogenic effects [24]. Experimental
studies in NSCLC have shown that exogenous IL24/MDA-7 can
inhibit lung cancer growth, suppress angiogenesis, and enhance
sensitivity to anti-tumor therapies [25]. However, in our data,
IL24 tends to be expressed in specific CAFs-related states and
cannot be simply interpreted as a classical antitumor molecule.
This expression pattern suggests that the biological role of IL24
in the TME may be context-dependent and could also reflect
stress-related, inflammation-related, or compensatory tran-
scriptional programs within activated CAFs subpopulations.
Overall, these findings provide a new explanatory framework
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for understanding how fibroblasts transition from a relatively
quiescent state to terminal tumor-associated states and indicate
that FOXS1 and IL24 are candidate regulatory factors worthy of
further functional validation in the future.

From the perspective of translational medicine, our results sug-
gest that the significance of CAFs-related features is not limited
to descriptive single-cell classification. In TCGA-LUAD, both
POSTN* CAFs and CXCL8* CAFs signatures were associated
with poorer overall survival. Furthermore, when CAFs-related
programs were combined with CCL3* myeloid programs, prog-
nostic stratification could be further optimized, indicating that
stromal-myeloid coupling may better reflect clinically signifi-
cant tumor states compared with examining either the stromal
or myeloid compartments alone. In external immunotherapy
cohorts, higher POSTN* CAFs signatures were also associated
with poorer survival and less favorable treatment responses.
Although these cohorts alone are not sufficient to directly
demonstrate that POSTN* CAFs directly mediate immunother-
apy resistance, they at least support the viewpoint that this stro-
mal program is clinically associated with a microenvironment
that is less favorable for immune response. This may also have
implications for future biomarker development, especially in
identifying tumor patients with prominent stromal constraints
and myeloid-associated immunosuppressive features.

This study also has several limitations that need to be noted.
Firstly, our conclusions are primarily based on integrated analy-
ses of public datasets and computational inference, and thus are
inherently observational. Although the consistency of results
across single-cell, bulk, spatial transcriptomics, and immu-
notherapy cohorts increases our confidence in the robustness
of the conclusions, establishing whether the proposed fibro-
blast-myeloid cell interactions are mechanistically necessary
for immune exclusion still requires direct experimental valida-
tion. Future studies could address this question further using
in vitro coculture systems, perturbation experiments targeting
candidate ligand-receptor axes, and in vivo models to assess
whether disrupting specific fibroblast-myeloid interactions can
relieve stromal constraints and enhance antitumor immunity.
Secondly, current spatial analyses support local coenrichment
and spatial correlation, but cannot yet provide definitive ev-
idence of direct physical contact or functional dependence be-
tween POSTN* CAFs and CCL3* myeloid cells. Future work
could combine multiplex immunofluorescence, immunohisto-
chemistry, and higher resolution spatial omics technologies to
further validate their spatial proximity and tissue architecture
in LUAD tissues. Third, the inferred trajectory structure should
be interpreted as a model of transcriptional progression rather
than a direct reconstruction of true biological lineage history.
Future studies integrating lineage tracing, time-resolved per-
turbation, or longitudinal sampling strategies would help clarify
the developmental relationships among CAFs subsets. Finally,
the immunotherapy validation, although supportive, is still lim-
ited by the availability and size of public cohorts, and additional
LUAD- or NSCLC-specific datasets would further strengthen
the translational interpretation. In the future, prospective val-
idation in larger immunotherapy-treated LUAD cohorts, to-
gether with integrated analyses of stromal, myeloid, and clinical
response features, will be important to determine whether the

identified CAFs-associated programs may serve as robust bio-
markers or potential therapeutic targets.

In summary, our study provides a multilevel view of CAFs
heterogeneity in LUAD and demonstrates that different CAFs
subtypes are associated with distinct stromal, immune, and my-
eloid-related programs. By integrating coexpression analysis, tra-
jectory inference, regulatory analysis, cell-cell communication,
and spatial validation, our results suggest that fibroblast-my-
eloid coupling is an important feature of the LUAD microenvi-
ronment. Overall, these findings deepen our understanding of
CAFs biology in LUAD and offer a useful framework for future
studies aimed at targeting stromal barriers and improving anti-
tumor immune responses.
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dependent single-cell RNA sequencing (scRNA-seq) datasets.
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