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Background: Cancer-associated fibroblasts (CAFs) are pivotal regulators of the tumor immune 
microenvironment, shaping immune responses and influencing therapeutic outcomes. While previous studies 
have predominantly focused on CAF subpopulations that impair responses to immune checkpoint inhibitors 
(ICIs), CAF subsets associated with favorable ICIs responses in lung adenocarcinoma (LUAD) remain 
underexplored. In this study, we integrated bulk RNA and single-cell RNA sequencing data from LUAD 
samples to identify CAF subpopulations relevant to ICIs efficacy.
Methods: Using a machine learning-driven approach, we developed a robust immune response signature 
based on this antigen-presenting CAFs (apCAFs) subset to predict ICIs responses.
Results: We uncovered a novel subset of apCAFs exhibiting macrophage-like features, characterized by 
the expression of major histocompatibility complex (MHC) class II, CD74, and costimulatory molecules 
(CD80, CD86, CD83, and CD40). This subset, distinct from classic apCAFs described in other cancer types, 
is strongly associated with favorable ICIs responses across multiple datasets. Notably, these macrophage-
like apCAFs are present in LUAD samples prior to treatment, although their abundance varies among 
individuals. Patients classified as high-risk using signature calculated by a machine learning-driven approach 
exhibited lower overall survival rates and diminished immune cell infiltration following ICIs therapy. 
Conclusions: Collectively, our findings establish a critical link between macrophage-like apCAFs and ICIs 
efficacy, offering a clinically applicable signature for patient stratification and guiding therapeutic strategies 
targeting the tumor microenvironment.
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Introduction

Background

Lung adenocarcinoma (LUAD) as the most common 
histological subtype of lung cancer induces more than 
one million deaths per years (1). Given the significant 
mortality rates associated with LUAD, identifying novel 
and more effective prognostic biomarkers is essential. 
This advancement will enhance personalized medicine 
approaches and potentially extend patient survival. Clinically, 
immunotherapies, such as programmed cell death protein 1  
(PD-1) and programmed death-l igand 1 (PD-L1) 
monoclonal antibodies, represent a new breakthrough for 
anticancer treatment and have been the first-line treatment 
for advanced LUAD (2-4). However, like other therapies, 
immunotherapies show tremendous efficacy, but these 
responses only occur in a subset of patients (5,6), highlighting 
the urgent need to explore cellular signature and precise 
component for circumventing drug resistance in LUAD. 

The tumor microenvironment (TME) significantly 
influences the outcomes of immunotherapeutic treatments 
for cancers (7). Cancer-associated fibroblasts (CAFs) are 

prevailing stromal cells in the TME of LUAD. Recent 
studies have shown that CAFs are highly molecularly 
heterogeneous, with distinct subsets performing different 
roles in tumor pathogenesis (8,9). Typical examples 
in pancreatic cancer or breast cancer include αSMA-
high myofibroblastic CAFs (myCAFs) characterized by 
extracellular matrix (ECM) signatures and primarily located 
adjacent to cancer cells, αSMA-low inflammatory CAFs 
(iCAFs) expressing high levels of cytokines and chemokines 
and located more distal to cancer cells, and antigen-
presenting CAFs (apCAFs) characterized by high expression 
of major histocompatibility complex (MHC) class II and 
CD74, significantly modulating tumor immunity (10-12). 
CAFs engage with tumor cells and immune cells through 
the secretion of cytokines and vesicles, actively participate 
in the remodeling of the ECM, and ultimately influence the 
immune response (13-15). Recent evidence suggests that 
CAFs can affect the tumor immune microenvironment (16)  
profiling and regulate therapeutic response to immune 
checkpoint inhibitors (ICIs) (17). CAFs are often viewed 
as cells that weaken the immune response, primarily due 
to their ability to inhibit CD8+ T cells and natural killer 
(NK) cells, while also promoting the activation of myeloid-
derived suppressor cells (MDSCs) within the TME  
(18-20). However, the specific CAFs subsets within LUAD 
that favor therapeutic response to immunotherapies remain 
to be defined.

In our study, we employed the scissors algorithm, 
which can establish correlations between the phenotypes 
extracted from bulk RNA sequencing (RNA-seq) and the cell 
subpopulations associated with these phenotypes from single-
cell data, to integrate a single-cell RNA sequencing (scRNA-
seq) dataset (21) with bulk RNA-seq immunotherapy cohort 
(GSE126044) (22), identifying a subset of apCAFs that 
respond most favourably to immunotherapy. This group of 
cells not only expresses the conserved markers of apCAFs, 
such as CD74 and MHC class II (MHCII) molecules, but 
also co-stimulatory molecules like CD86. Furthermore, 
we utilized 101 machine learning algorithms to construct 
a robust signature that can predict patient survival and the 
efficacy of immunotherapy.

Rationale and knowledge gap

While existing research predominantly explores CAFs 
that hinder immune responses to therapies, there remains 
a significant knowledge gap regarding CAF subsets that 
enhance ICIs efficacy. This lack of focus on positively 
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contributing CAF populations, particularly in LUAD, limits 
the potential for developing effective treatment strategies 
that leverage the TME to improve patient outcomes.

Objective

The objective of this study is to identify and characterize 
apCAF subsets associated with favorable ICIs responses in 
LUAD. By integrating bulk and scRNA-seq data, we aim to 
develop a robust machine learning-driven immune response 
signature to predict ICIs efficacy, thereby facilitating better 
patient stratification and informing targeted therapeutic 
approaches. We present this article in accordance with 
the TRIPOD reporting checklist (available at https://jtd.
amegroups.com/article/view/10.21037/jtd-2024-2015/rc).

Methods 

Multiplexed immunohistochemistry (IHC) and 
quantitative analysis

We collected samples of pathologically diagnosed lung 
cancer from Shanghai Chest Hospital, Shanghai Jiao Tong 
University School of Medicine. The clinical characteristics 
of the collected tumor samples used in multiplexed IHC are 
detailed in Table S1.

In multiplexed IHC, CD45, PanCK, CD68, CD86, 
and HLA-DR were defined. In brief, slide sections from 
formalin-fixed paraffin-embedded (FFPE) blocks underwent 
deparaffinization in xylene followed by rehydration using 
ethanol. Microwave-induced antigen retrieval was performed 
in ER1 antigen retrieval solution (AR9961-CN; Leica, 
Wetzlar, Germany) for 20 minutes at 100 ℃. Endogenous 
peroxidase activity was quenched using 3% H2O2 for  
10 minutes. Non-specific binding sites were blocked using 
a blocking solution provided by WiSee Biotechnology 
(A10015-100; Shanghai, China) for an additional 10 minutes.

Primary antibodies were incubated in a moist chamber 
at room temperature for 60 minutes,  followed by 
incubation with the secondary antibody (Leica Rabbit 
Anti-Rabbit Poly-HRP) for 10 minutes using the Leica 
DS9800 staining system. Slides were then incubated 
with the fluorescent dye Novo-Light TSA 620 (WiSee 
Biotechnology, Shanghai, China) at room temperature for 
10 minutes for color development. The following primary 
antibodies were used: CD45 (1:100), PanCK (1:100), 
CD68 (1:100), CD86 (1:100), HLA-DR (1:300).

Detection and imaging of the slides were accomplished 

u s i n g  t h e  P a n n o r a m i c  3 D H I S T E C H  s y s t e m 
(3DHISTECH, Budapest, Hungary), while HALO® 
software (Indica Labs, California, USA) was employed for 
batch analysis to calculate the count of positively stained 
cells bearing either a single marker or combination (23).

The study was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. 
The study and the use of lung cancer tissue for this study 
was approved by the Institutional Review Board at the 
Shanghai Lung Tumor Clinical Medical Center, Shanghai 
Chest Hospital (Approval No. KS(Y)23072). Prior to the 
involvement in the study, informed consent was obtained 
from all participants.

Data acquisition

scRNA-seq data from four distinct lung cancer datasets 
were obtained from Gene Expression Omnibus (GEO) 
GSE131907 (21), alongside a Code Ocean capsule (https://
doi.org/10.2433/CO.0121060.v1) (24). A scRNA-seq  
dataset (25) for NSCLC neoadjuvant PD-1 blockade 
combined with chemotherapy was acquired from GEO 
(GSE207422). Another single-cell cohort is derived from 
Zilionis et al. 2019 (26). We acquired survival data from lung 
bulk RNA-seq datasets available on the The Cancer Genome 
Atlas (TCGA) through the Genomic Data Commons 
(GDC) portal and GEO databases: TCGA-LUAD (27),  
GSE31210 (28),  GSE72094 (29),  GSE68465 (30),  
GSE8894 (31), GSE30219 (32) and GSE50081 (33). Another 
independent LUAD in East Asians datasets (34) with 
survival information was downloaded from the European 
Genomephenome Archive (EGA, http://www.ebi.ac.uk/
ega/) using accession codes EGAD00001004421 and 
EGAD00001004422. 

To validate the prediction of immunotherapy efficacy, two 
cohorts undergoing immunotherapeutic treatments were 
employed: GSE126044 were non-small cell lung cancer (NSCLC) 
patients who underwent therapy with anti-PD-1 (22). Advanced 
NSCLC patients, pertaining to the study GSE135222, received 
treatment utilizing anti-PD-1/PD-L1 (35). To validate the 
prediction of chemotherapy efficacy, three breast cancer 
datasets have been analyzed: GSE45255 (36), GSE3494 (37) 
and GSE1456 (38).

Single-cell data preprocessing

Fastq format sequences from high-throughput sequencing 
were processed using Cell Ranger (v7.0.1) for quality 
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assessment and alignment to the reference genome (human: 
GRCh38). Data analysis was conducted using the Seurat 
R package (v4.3.0) (39). In a quality control step, cells were 
flagged as low-quality and excluded if they exhibited fewer 
than 300 or more than 7,000 detected genes, unique molecular 
identifier (UMI) counts exceeding 100,000, mitochondrial 
gene fractions surpassing 10%, or erythrocyte gene fractions 
exceeding 3%. Mitochondrial fractions were computed using 
Seurat’s Percentage FeatureSet function with pattern=“λMT-”. 
The same preprocessing pipeline was applied to all publicly 
available scRNA-seq datasets used in our study.

Dimension reduction, clustering and annotation analysis

The gene expression matrix underwent normalization using 
the “NormalizeData” function, followed by the identification 
of 3,000 highly variable genes (HVGs) using the 
“FindVariableFeatures” function. Batch effects were mitigated 
using the “Harmony” function. Principal component 
analysis (PCA) was employed to reduce dimensionality. 
The top 15 principal components were determined using 
the “ElbowPlot” function. Cell clustering was performed 
using the “FindNeighbors” and “FindClusters” functions 
with resolution specified by the “Clustree” algorithm (40). 
Clusters were visualized in a two-dimensional plot using 
the “RunUMAP” functions. Characteristic genes for each 
cell subgroup were identified using the “FindAllMarkers” 
function in Seurat, and cell types were defined based on 
marker genes using the SingleR package (v2.0.0) and 
literature references (marker genes shown in Table S2). This 
processing pipeline was also applied to all publicly available 
scRNA-seq datasets used in our study.

“Scissor” algorithm

Scissor (v2.0.0) was employed to blend phenotype-linked 
bulk expression data with single-cell data. Initially, it gauged 
the resemblance between each single cell and bulk sample, 
followed by refining a regression model on the correlation 
matrix alongside sample phenotype to pinpoint pertinent 
subpopulations. Additional insights can be gleaned from the 
referenced literature (41).

Gene set scoring

For scoring gene sets in scRNA-seq data, we employed 
the UCell package (v2.3.1) (42). Similarly, for bulk RNA-
seq data, we utilized single-sample Gene Set Enrichment 

Analysis (ssGSEA) from the Gene Set Variation Analysis 
(GSVA) package (v1.46.0) (43) to compute signature scores 
for each sample. Supplementary tables contain all gene sets 
used for signature scoring.

Differential-expression analysis

In the analysis of the GSE131907 dataset (21), we used the 
Mast algorithm in “FindAllMarkers” function in Seurat 
to identify genes specific to CAF-C3 and CAF-C14. We 
defined an immunotherapy nonresponsive signature gene 
set with 21 genes from differential genes with log2fold 
change (FC) exceeding 0.6 and adjusted P below 0.01 (listed 
in Table S3). Similarly, we defined an immunotherapy-
responsive signature gene set with 17 genes from differential 
genes exhibiting log2FC below −1.3 and adjusted P values 
under 0.01 (listed in Table S3). 

To discern genes differentially expressed between 
clusters, we employed Seurat’s “FindAllMarkers” function 
(v4.3.0) with parameters logfc.threshold =0.25 and only.pos 
= T. Utilizing the non-parametric Wilcoxon rank-sum test, 
we obtained P values for comparisons and adjusted them 
using Bonferroni correction across all genes. We selected 
the top 20 markers as signature gene sets for CAF clusters 
in GSE131907 (21) detailed in Table S4.

Gene ontology (GO) enrichment analysis

We conducted GO enrichment analysis using the clusterProfiler 
package (v4.6.0) (44). Subsequently, representative pathways 
were visualized using the ggplot2 package (v3.4.1).

Gene set enrichment analysis (GSEA)

We downloaded Hallmark, GO, and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) gene sets from The 
Molecular Signatures Database (45) (MSigDB, http://
software.broadinstitute.org/gsea/msigdb/). Subsequently, we 
conducted GSEA for differentially expressed genes (DEGs) 
using the clusterProfiler package (v4.6.0) and the GSEABase 
toolkit (v1.60.0) in R, employing default settings (46,47). 
Significantly enriched pathways were identified based on 
criteria including P<0.05, P.adjust <0.25, and NES >1.

Cell Type Identification by Estimating Relative Subsets of 
RNA Transcripts (CIBERSORT)

We utilized R to perform CIBERSORT (48), estimating the 
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abundance of 22 immune cell subsets in each sample. Input 
the expression matrix of bulk RNA-seq and LM22.txt, 
which records the gene expression profiles of 22 immune 
cell types, including 7 types of T cells, naïve and memory B 
cells, plasma cells, NK cells, and myeloid cells.

xCell

Immune infiltration analysis was conducted using the xCell 
package (v1.1.0) (49). This package employs a deconvolution 
method to perform cell-type enrichment analysis on bulk 
transcriptome samples based on gene expression data of 
64 immune and stromal cell types, generating enrichment 
scores corresponding to each of the 64 cell types for each 
sample.

Estimation of STromal and Immune cells in MAlignant 
Tumor tissues using Expression data (ESTIMATE)

Immune score, tumor purity, stromal score and ESTIMATE 
score were evaluated using the ESTIMATE package 
(v1.0.13) (50).

Machine learning-based integrative analysis

In order to create a highly accurate and stable ICI-responsive 
signature from CAF-C14, we combined 10 different machine 
learning algorithms with 101 algorithm variations. The 
integrative algorithms included random survival forest 
(RSF), elastic network (Enet), Lasso, Ridge, stepwise Cox, 
CoxBoost, partial least squares regression for Cox (plsRcox), 
supervised principal components (SuperPC), generalised 
boosted regression modelling (GBM), and survival support 
vector machine (survival-SVM). The process for generating 
the signature was carried out as follows: (I) incorporate the 
DEGs (listed in Table S5) from CAF-C3 and CAF-C14 
exhibiting log2FC below −1 and adjusted P values under 
0.01 into the univariate cox regression; (II) prognostic genes 
were identified through univariate Cox regression analysis 
in the TCGA-LUAD cohort (listed in Table S6); (III) using 
the leave-one-out cross-validation (LOOCV) approach, 
we applied 101 algorithm combinations to the prognostic 
genes to develop predictive models in the TCGA-LUAD 
cohort (27); (IV) all models were evaluated in five validation 
datasets [GSE31210 (28), GSE72094 (29), GSE68465 (30), 
GSE30219 (32) and GSE50081 (33)]; (V) the Harrell’s 
concordance index (C-index) was computed for each model 
across all validation datasets, with the model exhibiting the 

highest average C-index deemed the most optimal. C-index 
listed in Table S7.

Survival analysis

We conducted survival analyses to assess the clinical 
significance of various signatures including immunotherapy 
nonresponsive, immunotherapy responsive and risk scores 
from machine learning-based integrative analysis. Bulk 
RNA samples were processed as follows: gene expression 
values were converted to Fragments Per Kilobase Million 
(FPKM) and subjected to log-transformation. Z-scores 
were subsequently computed for each gene across all 
samples. We utilized ssGSEA from the GSVA package 
(v1.46.0) (43) to compute signature scores for each sample. 
Subsequently, based on the cutoff values of the signature 
scores determined using the survminer package (v0.4.9), 
samples were divided into two groups. We employed the 
Kaplan-Meier method in survival package (v3.3-1) to 
estimate survival curves for both patient groups and assessed 
statistical significance using the log-rank test. 

Statistical analyses

Statistical evaluations were undertaken with GraphPad 
Prism 9.0 software and R software (v4.2.0). 

Results

Single-cell analysis identified heterogeneous subpopulations 
of CAFs in LUAD

We analyzed a large public scRNA-seq dataset of LUAD 
(the Kim et al. cohort, n=58) (21) and focused on primary 
LUAD samples (n=15), excluding those from metastatic sites. 
Through dimensionality reduction and clustering techniques, 
we identified 19 distinct clusters (Figure 1A). These clusters 
were annotated according to the expression of specific marker 
genes, categorizing them into T cells, NK cells, B cells, 
myeloid cells, mast cells, fibroblasts, endothelial cells, and 
epithelial cells (Figure 1B,1C and Table S2).

We then focused on exploring the cellular heterogeneity 
among CAF subpopulations (n=1,813).  Using the 
“Clustree” algorithm (40) to determine the ideal number 
of CAF clusters (Figure 1D), we employed an unsupervised 
graph-based clustering approach that revealed 16 distinct 
subclusters, which were visualized using the Uniform 
Manifold Approximation and Projection (UMAP) algorithm 
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Figure 1 The schematic illustration of scRNA-seq analyses. (A,B) UMAP plot illustrates unsupervised clustering of viable cells isolated from 
15 human LUAD resections in the Kim et al. cohort (22), where clusters and cell types are differentiated by diverse colors. (C) Heatmap 
displays chosen markers specific to each cell type across all clusters. (D) Results from clustering trees of fibroblast cells using Seurat with 
resolution parameters from 0.1 to 1.5. At a resolution of 0.9, we see the formation of 16 branches. (E,F) UMAP plots categorize fibroblast 
cells into clusters and subsets. (G) Marker gene expression for each CAF cell subcluster is depicted in a violin plot. (H) Distribution of 
UCell scores in UMAP space for three gene signatures. apCAFs, antigen-presenting CAFs; CAFs, cancer-associated fibroblasts; iCAFs, 
inflammatory CAFs; LUAD, lung adenocarcinoma; myCAFs, myofibroblastic CAFs; NK, natural killer; scRNA-seq, single-cell RNA 
sequencing; UMAP, Uniform Manifold Approximation and Projection.

(Figure 1E). Afterward, we applied the gene signatures 
corresponding to myCAFs, iCAFs, and apCAFs to Kim et al.  
cohort (Table S2). This analysis enabled us to categorize 
three clusters (C6, C10, C13) within the iCAFs subgroup, 
five clusters (C3, C4, C9, C11, C12) as myCAFs, and three 
clusters (C8, C14, C15) as apCAFs (Figure 1F,1G). The 
remaining clusters (C0, C1, C2, C5, C7) were identified as 
unclassified CAFs. Additionally, we also utilized the UCell 

algorithm (42), an R package for evaluating gene signature 
enrichment in scRNA-seq data, to verify the accuracy of our 
annotations (Figure 1H, Table S3).

Identifying CAF subsets that predict immunotherapy 
response

To identify the key CAF subsets correlated with the ICIs 
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response, we employed Scissor (41), a robust algorithm 
that allows us to establish correlations between the 
phenotypes extracted from bulk RNA-seq data and the 
cell subpopulations associated with these phenotypes from 
single-cell data.

Based on bulk RNA-seq data from GSE126044 NSCLC 
ICI therapy dataset (22), we identified 36 CAF cells as 
Scissor+ cells, linked to favorable response to ICIs (termed 
Scissor_R cells thereafter), and 63 CAF cells associated 
with non-response to ICIs (termed Scissor_NR cells 
thereafter) (Figure 2A). Strikingly, the Scissor_R cells 
were predominantly localized within the CAF-C14 subset, 
indicating that this subset is closely associated with effective 
responses to treatment. In contrast, Scissor_NR cells were 
primarily found within the CAF-C3 subset, suggesting that 
CAF-C3 may play a critical role in mediating resistance to 
ICIs (Figure 2B).

Furthermore, we performed a comparative analysis of 
the transcriptional profiles of CAF-C3 and CAF-C14 to 
identify their distinct gene signatures. Genes significantly 
upregulated in CAF-C3 were designated as the ICIs-
non-responsive signature, whereas those significantly 
upregulated in CAF-C14 were classified as the ICIs-
responsive signature (Table S3). Specifically, CAF-C14 
exhibited a predominant upregulation of genes associated 
with MHCII pathways (HLA-DPB1, HLA-DPA1, HLA-
DRA, HLA-DQA1, HLA-DQB1, HLA-DRB1 and CD74) 
(Figure 2C). THBS2 was identified as the second highest-
ranked gene of CAF-C3. Our recent studies highlighted the 
role of THBS2+ CAFs in promoting tumor aggressiveness 
in early-stage LUAD, shaping a suppressive immune 
microenvironment, and predicting resistance to ICIs (51). 
In our previous research (51), we extensively investigated 
the specific functional characteristics of THBS2+ CAFs 
(CAF-C3). However, limited information has been 
elucidated regarding CAFs associated with favorable 
responses to immunotherapy. Therefore, this study focuses 
on CAF-C14, which has demonstrated a strong association 
with positive immunotherapeutic outcomes. Molecular 
characterization analysis revealed that the top 5 biomarkers 
in CAF-C14 include CD74 and MHC-II-related genes: 
HLA-DRA ,  HLA-DRB1 ,  TYROBP  and HLA-DPB1 , 
compared with CAF-C3 (Figure 2C). The high expression 
levels of CD74 and MHC-II genes in CAF-C14 are 
reminiscent of apCAFs, which have been recently identified 
in breast and pancreatic cancer (10-12).

Notably, a previous study has described that “anti-
presenting CAFs” express MHCII and CD74, while not 

classic costimulatory molecules (CD86, CD83, CD80, 
CD40) in pancreatic cancer (11). In contrast, our analysis 
in LUAD showed that CAF-C14 express co-stimulatory 
molecules (Figure 2D). Moreover, CAF-C14 had high 
expression of macrophage markers (C1QA, C1QB, C1QC, 
CD68, CD86). Further, there is a strong correlation 
between the expression levels of macrophage markers and 
MCH-II molecules (Figure 2E), suggesting a “macrophage-
like” status of CAF-C14. Therefore, we termed this cell 
population macrophage-like apCAFs.

GO analysis revealed that CAF-C14 was mainly 
enriched for activation of immune response and antigen 
processing, presentation via MHCII compared with 
CAF-C3 (Figure 2F). The Reactome enrichment analyses 
of CAF-C14 DEGs were predominantly involved in the 
immune response signals, including phosphorylation of 
CD3 and TCR zeta chains and PD-1 signaling (Figure 2G).  
Additionally, GSEA showed that CAF-C14 cells had higher 
enrichment for antigen processing and presentation, B 
cell receptor signaling pathway, and PD-L1 expression 
and PD-1 checkpoint pathways (Figure 2H,2I). Among 
various immune cell compositions analyzed, we observed a 
significantly higher proportion of CD8+ T cells in patients 
with elevated CAF-C14 signature scores compared to those 
with lower scores (Figure 2J). Furthermore, the infiltration 
of CD8+ T cells displayed a notable positive correlation 
with the signature derived from the CAF-C14 (Figure 2K). 
Together, analysis suggests that CAF-C14 may play a role 
in recruiting, expanding, and activating CD8+ T cells. This 
observation indicates a potential link between the presence 
of CAF-C14 and favorable responses to ICIs.

CAF-C14 is associated with good immunotherapy response

Next, survival analysis in multiple independent ICIs datasets 
confirmed that CAF-C14-derived signature (associated 
with ICIs responsive signature; Table S3) predicted better 
response or longer survival after ICI therapy (35,52-54)  
(Figure 3A; Figure S1A-S1C). Using the median gene 
signature score of CAF-C14 cells and CAF-C3 cells 
(associated with ICIs non-responsive or responsive 
signature; Table S3) as a cutoff, patients were stratified into 
four biomarker subgroups. Interestingly, we observed that 
CAF-C14Lo/CAF-C3Hi defined a subgroup with the worst 
prognosis, while CAF-C14Hi/CAF-C3Lo was associated 
with high overall survival (OS) after immunotherapy in one 
clinical cohort (54) (Figure S1D).

The existence of CAF-C14 has been validated in the 
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Figure 2 CAF-C14 (macrophage-like apCAFs) can mobilize immune responses. (A) UMAP visualization illustrates Scissor-selected 
cells, with red and blue dots representing Scissor+ (response) and Scissor− (non-response) cells, respectively. (B) A bar plot displays the 
distribution of Scissor+ and Scissor− cells across different clusters. (C) A volcano plot showcases differential gene expressions between 
CAF-C3 and CAF-C14 cells. The two vertical dashed lines indicate ±log2(0) fold-changes in gene expression, while the horizontal dashed 
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line represents an adjusted P value cutoff of 0.05. (D) A violin plot illustrates co-stimulatory molecule expression (CD86, CD83, CD80, 
CD40) across various apCAFs cell subclusters. (E) The heatmap reveals a robust correlation between apCAFs-related genes (HLA-DPB1, 
HLA-DPA1, HLA-DQA1, HLA-DRA, CD74, HLA-DRB1, HLA-DQB1, HLA-DMA, CD86) and macrophage-related genes (CCL3, CCL3L3, 
CSF1R, C1QC, C1QA, C1QB, CD68). Spearman is used. (F) GO enrichment analysis was performed to assess the functional characteristics 
of genes associated with CAF-C14 in comparison to CAF-C3. (G) Reactom enrichment analysis of CAF-C14. (H,I) GSEA showing the 
significantly enriched immune-related signaling pathway comparing CAF-C3 versus CAF-C14. (J) The TCGA-LUAD dataset was used 
to investigate the varying expression of immune cell sets between high and low score groups of CAF-C14. Unpaired two-sided Student’s 
t-test. (K) A scatter plot illustrates the Spearman correlation between CD8+ T cell scores evaluated using CIBERSORT and CAF-C14 
signature scores across TCGA-LUAD samples. apCAFs, antigen-presenting CAFs; CAFs, cancer-associated fibroblasts; CIBERSORT, Cell 
Type Identification by Estimating Relative Subsets of RNA Transcripts; Corr, correlation; DEGs, differentially expressed genes; GO, Gene 
Ontology Enrichment Analysis; GSEA, Gene Set Enrichment Analysis; LUAD, lung adenocarcinoma; MHC, major histocompatibility 
complex; NES, normalized enrichment score; NK, natural killer; PD-1, programmed death receptor 1; PD-L1, programmed death-ligand 1; 
TCGA, The Cancer Genome Atlas; UMAP, Uniform Manifold Approximation and Projection.

scRNA-seq cohort by Zilionis et al. (26). We performed 
a clustering analysis on 447 CAFs, which resulted in the 
discovery of five unique CAF subpopulations (Figure 3B). 
By utilizing the gene signature from the top 20 markers 
of CAF-C14 (shown in Table S4), our analysis with 
feature plots and violin plots demonstrated that Cluster 5 
corresponded to CAF-C14 (Figure 3B). The presence of 
CAF-C14 has also been confirmed in the Bischoff et al. 
scRNA-seq cohort (24), involving 10 individuals diagnosed 
with early-stage LUAD. We conducted UMAP analysis 
of 672 CAFs to identify nine distinct CAF subpopulations 
(Figure 3C). We employed the gene signature (Table S4) 
consisting of the top 20 markers CAF-C14, feature plots 
in combination with violin plots revealed that Cluster 
4 signified CAF-C14 (Figure 3C). Similar with Kim  
et al. cohort, integrated with bulk RNA-seq data from 
GSE126044 NSCLC ICI therapy dataset (22), we identified 
39 CAF cells as Scissor+ cells, linked to response to ICIs 
(termed Scissor_R cells thereafter), and 6 CAF cells 
associated with non-response to ICIs (termed Scissor_NR 
cells thereafter) (Figure 3C). Strikingly, the Scissor_R cells 
predominantly localized within Cluster 4, signifying that 
this subset was primarily associated with effective responses 
(Figure 3C).

Additionally, these findings were also confirmed in the 
neoadjuvant ICI treatment setting. Based on a previously 
published single-cell dataset (25) from two pre-treatment 
and six post-treatment LUAD patients, including major 
pathologic response (MPR; n=1), non-MPR (NMPR; n=6) 
and pathologic complete response (pCR; n=1). To assess 
CAFs diversity after ICI therapy, we clustered CAFs into 
five subclusters (Figure 3D). Using the CAF-C14 signatures 
(Table S3) to score CAF cells in this new scRNA-seq 

dataset, CAF cells from pCR and MPR sources exhibited 
higher CAF-C14 scores (Figure 3D). Together, our analysis 
identified CAF-C14 subsets that were associated with good 
response to ICI therapy.

Importantly, the presence of macrophage-like apCAFs 
was confirmed in human LUAD tissue, as multiplexed 
immunohistochemistry (mIHC) analysis by co-staining 
epithelial (PanCK), hematopoietic (CD45), macrophage 
(CD68), costimulatory molecule (CD86) and MHCII 
(HLA-DR) markers showed that (Figure 3E; Figure S1E) 
the percentage of “macro-like apCAFs” (PanCK−CD45−

CD68+CD86+HLA−DR+) in three randomly selected LUAD 
samples was 2.71% 0.02% and 0.39% of the entire cells, 
respectively (Figure 3F).

A predictive model based on the macrophage-like apCAFs 
(CAF-C14) assesses survival and responses to ICIs therapy

Utilizing the expression data from 58 ICIs responsive genes 
derived from the DEGs between CAF-C3 and CAF-C14 
(refer to Table S5), a univariate Cox regression analysis 
was conducted in the TCGA-LUAD dataset, resulting in 
the identification of 16 genes with prognostic significance 
(Figure 4A; Table S6). The 16 identified genes underwent a 
machine learning-driven integrative approach to construct 
an immune-related signature. Using the TCGA-LUAD 
dataset, we applied a LOOCV framework to evaluate 101 
different prediction models and subsequently determined 
the C-index for each model across all validation sets  
(Figure 4B; Table S7). Notably, the best-performing model 
emerged from the integration of Lasso with SuperPC, 
as well as CoxBoost combined with SuperPC, achieving 
the highest average C-index of 0.59. This hybrid model 
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Figure 3 CAF-C14 correlated with favorable immunotherapy response. (A) Kaplan-Meier curves depict PFS in LUAD patients based on 
the levels of CAF-C14 signature scores. (B) UMAP plots represent fibroblast cells, with clusters color-coded as instructed. Feature plot and 
violin plot depict the normalized expression levels of signature scores for CAF-C14 across fibroblast subclusters. (C1) UMAP visualization 
depicting fibroblast cells, with clusters differentiated by color codes. (C2,C3) Feature plot and violin plot show the expression level of 
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also attained the top C-index across all validation datasets 
(Figure 4B). The optimal λ in the Lasso regression was 
determined when the partial likelihood deviance reached 
its lowest point, as assessed through the LOOCV approach 
(Figure 4C). Four genes (HLA-DMA, ADH1B, CLEC7A 
and CXCR4) with nonzero coefficients from the Lasso 
regression were analyzed using SuperPC. Following this, 
we derived a risk score for each patient using the integrated 
Lasso and SuperPC model. Based on the optimal cut-off 
value established by the survminer package, patients were 
divided into low-risk and high-risk groups. According to  
Figure 4D-4I and Figure S2A-S2G, patients identified as 
high-risk had significantly reduced OS, progression-free 
survival (PFS), disease-specific survival (DSS) or disease-
free survival (DFS) compared to their low-risk counterparts 
in both the TCGA-LUAD training dataset, seven validation 
datasets (all P<0.05). Nevertheless, the results from the 
multivariate Cox regression analysis showed that the 
risk score derived from macrophage-like apCAFs was 
statistically significant in only 5 of the 8 studied cohorts 
(Figure S2A-S2G). The receiver operating characteristic 
(ROC) analysis evaluated the ability of the risk score 
based on macrophage-like apCAFs to discriminate among 
outcomes. In the TCGA-LUAD dataset, the areas under the 
curve (AUCs) were recorded at 0.640 for 1 year, 0.550 for  
3 years, and 0.590 for 5 years. In the GSE68465 cohort, the 
values were 0.60 across the first two years and 0.59 for the 
fifth. For GSE72904, the AUCs were 0.62, 0.66, and 0.66 
for 1, 3, and 5 years respectively. The GSE13210 dataset 
showed values of 0.73 for 1 year, 0.71 for 3 years, and 0.61 
for 5 years. In GSE30219, the AUCs were 0.63, 0.60, and 
0.59, while for GSE50018, they were 0.53, 0.57, and 0.59 
(Figure 4J). We evaluated the predictive effectiveness of the 
machine-learning based risk signature in an immunotherapy 
dataset, where Kaplan-Meier analysis showed that patients 

in the high-risk group had poor OS (Figure 4K). Also, 
patients in high-risk group have worse outcomes with 
chemotherapy (Figure S2H-S2K). Therefore, the machine-
learning based risk signature derived from CAF-C14 
demonstrated a notable level of predictive capability.

Immune-related differences based on CAF-C14 in LUAD

Recognizing the variations in the tumor immune 
microenvironment between the low-risk and high-risk 
subgroups, we conducted an extensive analysis of immune-
related differences across multiple cohorts. Our differential 
analysis of immune cell infiltration in both groups revealed 
that the high-risk subgroup had significantly lower scores 
for CD8+ T cells and ImmuneScore, as well as elevated 
tumor purity scores (Figure 5A-5G). Subsequently, in the 
GSE135222 cohort, we divided patients according to their 
risk scores, and consistent with our prior findings, those in the 
high-risk category exhibited comparable results (Figure 5H).  
In addition, populations in the TCGA-LUAD dataset 
classified as low-risk exhibited enhanced antigen-presenting 
abilities and increased levels of co-stimulatory molecules 
(Figure 5I). Moreover, histological examination through 
hematoxylin and eosin staining revealed a widespread 
distribution of active diffuse lymphocytes in low-risk LUAD 
patients, in contrast to the concentrated focal lymphocyte 
presence primarily observed in high-risk patients (Figure 5J).

Discussion

Key findings

CAFs have been widely studied and play a critical role in 
immunotherapy resistance (15,55-57). Emerging evidence 
has highlighted the heterogeneity of CAFs, which might 

CAF-C14 signature scores in different clusters. (C4) UMAP was used to visualize Scissor-selected cells in fibroblasts, with red and blue 
dots representing Scissor+ (response) and Scissor− (non-response) cells, respectively. (C5) In different clusters, the bar plot illustrates the 
composition of Scissor+ cells. (D) UMAP visualization of fibroblast cells, with clusters indicated by color codes (upper panel). Violin box 
plots of signature scores for CAF-C14 in pCR, MPR and NMPR patients (lower panel). (E) Multi-IHC staining with anti-DAPI (blue), 
anti-PanCK (orange), anti-CD45 (yellow), anti-CD68 (green), anti-CD86 (red), anti-HLA-DR (purple) antibodies to localize macrophage-
like apCAFs (CAF-C14) in lung cancer. Scale bars, 50 μm. (F) Existence of apCAFs and CAF-C14 in three human lung cancer tissues. 
Scale bars, 1 mm. The red arrow points to the location of CAF-C14 in pathological tissue. Unpaired two-sided Student’s t-test was used 
in D. apCAFs, antigen-presenting CAFs; CAFs, cancer-associated fibroblasts; IHC, immunohistochemistry; LUAD, lung adenocarcinoma; 
MPR, major pathological response; NMPR, non-major pathological response; NSCLC, non-small cell lung cancer; PD-1, programmed death 
receptor 1; PD-L1, programmed death-ligand 1; PFS, progression-free survival; pCR, pathological complete response; scRNA-seq, single-cell 
RNA sequencing; UMAP, Uniform Manifold Approximation and Projection.
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Figure 4 An immune-related signature was developed and validated via the machine learning-based integrative procedure. (A) A total of 101 
kinds of prediction models via LOOCV framework and further calculated the C-index of each model across all validation datasets (GSE68465, 
GSE72904, GSE31210, GSE30219 and GSE50081). (B) Univariate Cox regression analysis conducted on 16 CAF-C14 related genes in 
the TCGA-LUAD cohort. (C) In the TCGA-LUAD cohort (n=511), the determination of the optimal λ was obtained when the partial 
likelihood deviance reached the minimum value, and further generated LASSO coefficients of the most useful prognostic genes. Data are 
presented as mean ± 95% CI. (D-I) Kaplan-Meier curves of OS according to the machine-learning based signature in TCGA-LUAD (log-
rank test: P<0.001) (D), GSE68465 (log-rank test: P=0.02) (E), GSE72904 (log-rank test: P<0.001) (F), GSE31210 (logrank test: P<0.001) (G), 
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GSE50081 (logrank test: P=0.005) (H) and GSE30219 (logrank test: P=0.002) (I). (J) Time-dependent ROC curve analysis for predicting OS 
at 1, 3, and 5 years. (K) Kaplan-Meier curves of OS according to the machine-learning based signature in GSE135222 (logrank test: P=0.05). 
AUC, area under curve; CI, confidence interval; C-index, Harrell’s concordance index; Enet, elastic network; GBM, generalised boosted 
regression modelling; HR, hazard ratio; LASSO, least absolute shrinkage and selection operator; LOOCV, leave-one-out cross-validation; 
LUAD, lung adenocarcinoma; OS, overall survival; PFS, progression-free survival; plsRcox, partial least squares regression for Cox; ROC, 
receiver operating characteristic; RSF, random survival forest; SuperPC, supervised principal components; survival-SVM, survival support 
vector machine; TCGA, The Cancer Genome Atlas.

become a tumor immune barrier in the TME. However, 
the specific CAF subsets underlying the resistance to 
immunotherapy are poorly understood. In this study, by 
integrating scRNA-seq, bulk RNA-seq datasets and mIHC, 
we proposed one CAFs subset that named “macro-like 
apCAFs”, which might be instrumental for clinical patient 
stratification and optimization of the therapy strategies.

Strengths and limitations

Enhancing treatment effectiveness and identifying reliable 
biomarkers are significant challenges in immunotherapy. 
Despite the breakthrough of ICI therapy in advanced 
NSCLC, many patients remain unresponsive to this 
treatment (58-61). The heterogeneity of CAFs plays an 
important role in establishing an immunosuppressive TME 
and limiting the efficacy of immunotherapy strategies 
(10,62,63). It remains to be determined which CAF 
subtypes are responsible for this in LUAD. In pancreatic 
ductal adenocarcinoma and breast cancer, apCAFs, 
characterized by the expression of MHCII proteins, assume 
an immunomodulatory role (11,64). Notably, MHCII-
expressing CAFs lack the co-stimulatory molecules 
typically found in professional antigen-presenting cells 
(APCs) (11,64), which are essential for initiating the 
clonal proliferation of CD4 T cells (65). This suggests 
that apCAFs could function as decoy receptors, impeding 
optimal T cell responses. However, in human NSCLC, 
antigen-presenting fibroblasts seem to actively promote 
rather than suppress MHCII immunity (66). Interestingly, 
our study described a new population of apCAFs that not 
only expressed CD74 and MHC class II but also exhibited 
co-stimulatory molecules (CD80, CD86, CD83 and CD40) 
along with macrophage markers. We termed this subcluster 
“Macro-like apCAFs” and confirmed their presence in 
LUAD patient samples. This finding underscores the 
intricate immunomodulatory functions within the TME. 
Targeting apCAFs or modulating their activity could 
potentially enhance the effectiveness of immunotherapy 

by alleviating the inhibitory signals they might transmit 
to T cells. However, this study has several limitations. It 
primarily relies on existing RNA-seq data, which may not 
fully reflect the dynamic TME in vivo. Additionally, there is 
a lack of experimental validation for the predictive signature 
in larger and more diverse patient populations.

Comparison with similar researches

This study contrasts with previous research by identifying a 
distinct subset of apCAFs linked to favorable ICIs responses 
in LUAD. While earlier studies focused on CAFs that 
impair immune responses, we emphasize the therapeutic 
potential of macrophage-like apCAFs. 

Explanations of findings

In summary, our research on CAFs reveals their role in 
immune therapy responses, highlighting the importance 
of understanding CAF heterogeneity in stratifying LUAD 
patients. Additionally, we constructed a risk scoring 
model that can predict patient efficacy and survival. These 
findings provide valuable insights that can guide the future 
development of more precise and effective cancer therapies.

Implications and actions needed

The findings highlight the importance of targeting 
macrophage-like apCAFs to enhance ICIs efficacy and 
improve patient outcomes in LUAD. Future actions include 
validating our immune response signature in clinical 
settings and exploring therapeutic strategies that modulate 
the TME to harness the benefits of this CAFs subset.

Conclusions

In conclusion, our study underscores the critical role 
of CAFs in influencing the efficacy of immunotherapy 
in LUAD. By identifying and characterizing the novel 
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Figure 5 Differential analysis of tumor-infiltrating immune cells between the two risk subgroups. (A-H) Comparison of immune function 
scores evaluated by XCell and ESTIMATE between the low and high groups in GSE68465 (A), GSE72904 (B), GSE31210 (C), GSE30219 
(D), GSE50081 (E), GSE8894 (F), TCGA (G) and GSE135222 (H). (I) Heatmap showing the association between riskscore and immune 
modulators. (J) Box plot showing the risk scores in the different TILs mapping in TCGA-LUAD cohort. Representative staining of TILs 
from the H&E images in the high- and low-risk score group. Unpaired two-sided Student’s t-test in A-H and J. Co-inh, co-inhibition; Co-
stm, co-stimulation; ESTIMATE, Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data; H&E, 
hematoxylin and eosin; LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas; TILs, tumor-infiltrating lymphocytes; XCell, 
digitally portraying the tissue cellular heterogeneity landscape.
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“macro-like apCAFs”, which possess both antigen-
presenting and co-stimulatory properties, we have shed 
light on the complex interplay within the TME that affects 
immune responses. Understanding the heterogeneity of 
CAFs is essential for delineating the mechanisms behind 
immunotherapy resistance and for developing targeted 
approaches to enhance treatment outcomes. Furthermore, 
our risk scoring model offers a promising tool for predicting 
patient responses and survival chances, paving the way for 
more personalized cancer treatment strategies. Collectively, 
these insights not only advance our knowledge of CAF 
biology but also hold potential for improving therapeutic 
interventions in LUAD, ultimately contributing to better 
patient management and outcomes in the realm of cancer 
immunotherapy.
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