
Received: 11 December 2025 - Revised: 26 March 2026 - Accepted: 9 April 2026

DOI: 10.1002/ccs3.70074

AR T I C L E

Multi‐omics analysis identifies a major histocompatibility
complex class II‐associated antigen‐presenting cancer‐
associated fibroblast‐like state linked to the nuclear factor
erythroid 2‐related factor 2‐karyopherin subunit beta 1 axis
in nonsmall cell lung cancer

Fei Zheng | Ruoying Deng | Ran Hou | Lei Hong | Yanzhi Cui | Yibing Liu

Department of Oncology, The Fourth Hospital

of Hebei Medical University, Shijiazhuang,

China

Correspondence

Yibing Liu, Department of Oncology, The

Fourth Hospital of Hebei Medical University,

No. 12, Jiankang Road, Shijiazhuang, Hebei

050011, China.

Email: lybhe@hebmu.edu.cn

Funding information

Medical Science Research Project of Hebei,

Grant/Award Number: 20241327

Abstract

To define the transcriptional features, spatial distribution, and immune‐related prop-

erties of an antigen‐presenting cancer‐associated fibroblast (CAF)‐like state in nonsmall
cell lung cancer (NSCLC), and to evaluate its relationship with the nuclear factor

erythroid 2‐related factor 2 (NRF2)‐karyopherin subunit beta 1 (KPNB1) axis, multi‐
omics analyses integrating single‐cell RNA sequencing, spatial transcriptomics, and

bulk transcriptomic data were performed. Functional validation used primary CAFs

from patients with NSCLC, including NRF2 perturbation, KPNB1 knockdown, T‐cell co‐
culture assays, and an orthotopic murine lung cancer model treated with anti-

programmed cell death protein 1 (anti‐PD‐1)‐based combinations. A major histocom-

patibility complex class II (MHC‐II)‐associated antigen‐presenting CAF‐like (apCAF‐
like) state was identified in NSCLC. It showed increased antigen‐presentation‐related
molecules, limited co‐stimulatory molecule expression, and inferred communication

involving MHC‐II, transforming growth factor‐β, and C‐X‐C motif chemokine ligand

pathways. Higher KPNB1 expression was associated with poorer survival, lower im-

mune infiltration, and lower ImmuneScore. In primary CAFs, NRF2 activation increased

KPNB1 and reduced class II MHC transactivator, major histocompatibility complex

class II DR alpha (HLA‐DRA), and MHC‐II‐related signals, whereas NRF2 inhibition

showed the opposite pattern. KPNB1‐low CAFs enhanced T‐cell activation and cyto-

kine release, and KPNB1 knockdown enriched antigen‐presentation‐related transcrip-

tional programs. In vivo, inhibition of the NRF2‐KPNB1 axis enhanced response to anti‐
PD‐1. NSCLC contains an MHC‐II‐associated apCAF‐like state linked to the NRF2‐
KPNB1 axis and altered response to PD‐1 blockade.

K E YWORD S

antigen‐presenting CAF‐like state, cancer‐associated fibroblasts, non‐small cell lung cancer, NRF2‐
KPNB1 axis, PD‐1 blockade

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, pro-

vided the original work is properly cited.

© 2026 The Author(s). Journal of Cell Communication and Signaling published by John Wiley & Sons Ltd.

J. Cell Commun. Signal. 2026;e70074. wileyonlinelibrary.com/journal/ccs3 - 1 of 18

https://doi.org/10.1002/ccs3.70074

httpsdoiorg101002ccs370074
https://orcid.org/0009-0000-4632-2943
mailto:lybhe@hebmu.edu.cn
http://creativecommons.org/licenses/by/4.0/
https://onlinelibrary.wiley.com/journal/1873961x
https://doi.org/10.1002/ccs3.70074


1 | INTRODUCTION

Nonsmall cell lung cancer (NSCLC) remains one of the leading causes

of cancer incidence and mortality worldwide, posing a major threat to

human health.1,2 Immune checkpoint inhibitors have improved clin-

ical outcomes in a subset of patients with NSCLC.3,4 However, the

overall response rate remains below 30%, and both primary and

acquired resistance, together with immune exclusion, are common.5,6

These observations indicate that determinants of immunotherapy

response extend beyond tumor cells themselves, and that nonma-

lignant components of the tumor microenvironment (TME) are also

likely to play important roles.7,8

Cancer‐associated fibroblasts (CAFs) are major stromal com-

ponents of the TME and have been implicated in extracellular

matrix remodeling, inflammatory regulation, and immune suppres-

sion.9,10 Previous studies have largely emphasized the ability of

CAFs to restrict immune‐cell infiltration and activation through

secretion of immunosuppressive mediators, such as transforming

growth factor‐β (TGF‐β) and interleukin‐6 (IL‐6), or through for-

mation of stromal barriers.11,12 However, with the development of

single‐cell approaches CAFs are no longer viewed as a uniform

population, but rather as a collection of transcriptionally hetero-

geneous and plastic cell states that may carry distinct immune‐
related functions.13–16

Recent studies have described a CAF state characterized by

expression of major histocompatibility complex class II (MHC‐II)‐
related molecules, commonly referred to as antigen‐presenting CAFs
(apCAFs).17,18 Within pan‐cancer CAF classification frameworks, this
state has been recognized as a relatively distinct transcriptional

subtype,16 extending current views of CAF‐mediated immune regu-

lation.19 However, its prevalence in NSCLC, transcriptional definition,

spatial distribution and immunological consequences remain incom-

pletely resolved.20,21 Importantly, expression of MHC‐II molecules
does not necessarily imply functional antigen presentation; in the

absence of co‐stimulatory signals, such a state may instead reflect an
incomplete or tolerogenic immune‐related phenotype.

Nuclear factor erythroid 2‐related factor 2 (NRF2) is a central

transcriptional regulator of oxidative stress responses and has been

linked to metabolic adaptation, therapy resistance and microenvi-

ronmental remodeling in multiple tumor types.22,23 Emerging evi-

dence suggests that NRF2 activity is not confined to tumor cells and

may also influence stromal‐cell states, including CAF phenotypes and
outputs.24,25 However, whether NRF2 is associated with MHC‐II‐
related CAF states in NSCLC remains unclear.26–29

Karyopherin subunit beta 1 (KPNB1) is a key nuclear transport

protein that mediates the nucleocytoplasmic trafficking of multiple

transcriptional regulators, including members of the signal trans-

ducer and activator of transcription family, nuclear factor‐κB, and
class II MHC transactivator (CIITA), thereby influencing cellular

stress and immune‐response programs.30,31 In several solid tumors,

KPNB1 has been associated with tumor progression and immune

evasion,32,33 but its role in CAFs remains poorly defined.34,35 Given

that expression of MHC‐II‐related molecules depends on nuclear

transcriptional networks involving CIITA, KPNB1 may be linked to

the establishment or maintenance of MHC‐II‐associated CAF

states.14,36 Previous studies have also suggested that KPNB1 may be

regulated by NRF2, raising the possibility that an NRF2‐KPNB1 axis

contributes to immune‐related CAF phenotypes.37–39

Multi‐omics approaches, including single‐cell transcriptomics,

spatial transcriptomics, single‐cell assay for transposase‐accessible
chromatin using sequencing (scATAC‐seq) and proteomics, provide

a framework for resolving the distribution, states, and functions of

CAF subpopulations.40,41 Combined with spatial proximity analyses

and functional experiments, these approaches enable assessment of

the relationship between CAF states, local immune niches and

treatment response.9,14,42,43 On this basis, the present study in-

tegrates single‐cell transcriptomics, spatial transcriptomics, The

Cancer Genome Atlas (TCGA) cohort, primary CAF functional assays,

and mouse models to evaluate the presence of an MHC‐II‐associated
apCAF‐like state in NSCLC, define its transcriptional and spatial

features, and examine the relationship of the NRF2‐KPNB1 axis to

this state and to antiprogrammed cell death protein 1 (anti‐PD‐1)
treatment response.

2 | MATERIALS AND METHODS

2.1 | Acquisition and preprocessing of single‐cell
transcriptomic data

The publicly available single‐cell RNA‐sequencing (scRNA‐seq)
dataset of NSCLC, GSE131907, containing cells derived from tumor

and adjacent normal tissues, was downloaded from the Gene

Expression Omnibus database. Analyses were performed using the

raw count matrices. Data were processed with Seurat (v4.0.5) for

quality control and downstream analyses. Cells with fewer than 200

detected genes, more than 6000 detected genes, or mitochondrial

transcript content >10% were excluded. A total of 41,863 high‐
quality cells were retained for subsequent analyses.

2.2 | Normalization, dimensionality reduction and
clustering

Expression matrices were normalized using NormalizeData(), and

highly variable genes were identified using FindVariableFeatures().

Principal component analysis was used for linear dimensionality

reduction, followed by uniform manifold approximation and projec-

tion (UMAP) based on the top 30 principal components. Cell clus-

tering was performed using FindNeighbors() and FindClusters() at a

resolution of 0.6. Cell‐type annotation was guided by canonical

marker genes reported previously, including CD3D, CD79A and

PECAM1, and refined using differentially expressed genes (DEGs)

identified in the present study.
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2.3 | Fibroblast subpopulation analysis

Fibroblasts were extracted from the global cell atlas and subjected to

secondary unsupervised clustering using FindClusters() at a resolu-

tion of 0.4. UMAP was used to visualize fibroblast subclusters. Dif-

ferential expression analysis was conducted using FindMarkers() with

the Wilcoxon rank–sum test, applying thresholds of log2 fold change

>0.25 and adjusted p < 0.05. Fibroblast states were annotated ac-

cording to differential expression patterns and established marker

genes, yielding subpopulations, including apCAF‐like cells, inflam-

matory CAFs (iCAFs), myofibroblastic CAFs (myCAFs), and normal

fibroblasts (Normal_FB).

2.4 | Module scoring, enrichment analysis and gene‐
expression comparison

Module scores for apCAF‐like signatures and antigen processing and
presentation programs were calculated using Seurat‐based module

scoring. DEGs from fibroblast subclusters were subjected to gene

ontology (GO) enrichment analysis using clusterProfiler (v4.0), with

particular focus on immune‐related terms including antigen pro-

cessing and presentation and MHC class II protein complex assembly.

Expression patterns of NFE2L2, KPNB1, major histocompatibility

complex class II DR alpha (HLA‐DRA), CD74, and related genes were
visualized using UMAP, feature plots, and violin plots. For selected

analyses, fibroblasts were stratified according to KPNB1 expression,

and the expression of antigen‐presentation‐related genes, including

HLA‐DRA, CD74 and CIITA, was compared between groups.

2.5 | Pseudotime trajectory analysis

Fibroblast populations were analyzed by pseudotime trajectory

inference using Monocle 2. High‐quality fibroblast cells and Seurat‐
normalized expression matrices were used as input. Genes selected

for trajectory ordering were obtained from differential expression

analysis, using thresholds of log2 fold change >0.25 and adjusted

p < 0.05. Dimensionality reduction was performed using DDRTree,

and cells were ordered along pseudotime. Expression dynamics of

representative genes, including ACTA2, CD74, HLA‐DRA, IRF1,

KPNB1 and NFE2L2, were visualized across the inferred trajectory.

2.6 | Survival and immune‐score analysis in TCGA

RNA‐seq expression matrices and matched clinical annotations for

lung adenocarcinoma (LUAD; n = 522) and lung squamous cell car-

cinoma (LUSC; n = 504) were obtained from TCGA, yielding 1026

evaluable samples. Expression values were transformed as

log2(FPKM + 1). Samples were stratified into high‐ and low‐KPNB1
groups according to the median KPNB1 expression level. Overall

survival was analyzed using Kaplan–Meier curves and the log–rank

test. Cox proportional hazards analysis was performed using clini-

copathological covariates including pathological T stage and N stage.

Bulk immune features were further assessed using single‐sample
gene set enrichment analysis (ssGSEA) and the ESTIMATE algorithm.

Immune infiltration scores for immune‐cell subsets and ImmuneScore
values were correlated with KPNB1 expression using Pearson's or

Spearman's correlation, as appropriate.

2.7 | Ligand–receptor interaction analysis

Cell–cell communication analysis was performed using CellChat

(v1.1.3) on the GSE131907 scRNA‐seq dataset. The apCAF‐like
population and major immune‐cell populations, including T lympho-

cytes, B lymphocytes, myeloid cells, and natural killer (NK) cells, were

extracted according to Seurat annotations and incorporated into a

CellChat object. Potential ligand–receptor pairs were inferred using

the Secreted Signaling database. Communication probabilities were

calculated using computeCommunProb() and filtered using filter-

Communication() with a significance threshold of p < 0.05.

Network centrality analysis was performed using netAnaly-

sis_signalingRole() to quantify sender, receiver, mediator, and influ-

encer roles. Downstream analyses focused on the MHC‐II, TGF‐β and
C‐X‐C motif chemokine ligand (CXCL) signaling pathways, which

were visualized using centrality heatmaps, chord diagrams and

ligand–receptor bubble plots.

2.8 | Pathway enrichment analysis of the apCAF‐
like population

Pathway‐enrichment analyses were performed to characterize tran-

scriptional programs of the apCAF‐like population relative to other

CAF subtypes. Gene set enrichment analysis (GSEA) was conducted

using clusterProfiler (v4.8.0) with Hallmark, Kyoto encyclopedia of

genes and genomes (KEGG), andReactomegene sets. Enrichment plots

were generated for pathways, including HALLMARK_INTERFER-

ON_GAMMA_RESPONSE, KEGG_ANTIGEN_PROCESSING_AND_PR

ESENTATION, HALLMARK_ALLOGRAFT_REJECTION, HALLMAR

K_INFLAMMATORY_RESPONSE, and [Reactome] MHC Class II Anti-

gen Presentation. Ridgeplots were used to summarize enriched Hall-

mark pathways.

2.9 | Spatial transcriptomics and spatial association
analysis

Spatial transcriptomic data from NSCLC (E‐MTAB‐13530) were

analyzed using Seurat and SPATA2 for spatial clustering, tissue

mapping, and regional visualization. Unsupervised clustering identi-

fied spatial subclusters across the tissue section. Bivariate Moran's I

analysis was used to assess the spatial correlation between CD8A

and ITGAX. Ripley's K analysis, using the L(r) − r transformation, was
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used to evaluate the spatial distribution of KPNB1‐high spots. Spatial
overlays were generated to assess the regional relationship between

CXCL12‐high and KPNB1‐high spots. Dot plots of representative

genes across spatial clusters and spatial mapping of KPNB1‐
associated, NRF2‐related and antigen‐presentation‐related signals

were used for regional comparison.

2.10 | Primary human CAFs

Primary CAFs were isolated from fresh surgical specimens from

patients with NSCLC (n = 150). Tissue samples were obtained

from patients with primary LUAD or squamous cell carcinoma,

with a male‐to‐female ratio of approximately 1.2:1 and a median

age of 62 years. Cells were isolated and expanded in‐house within

72 h of surgery. CAF identity was confirmed by immunopheno-

typing, with positivity for fibroblast activation protein (FAP),

podoplanin (PDPN), α‐smooth muscle actin, and negativity for

epithelial cell adhesion molecule and CD45. Cells were used at

low passage (passage 3 or below). Mycoplasma contamination was

excluded using the MycoAlert Mycoplasma Detection Kit (Lonza,

LT07‐318).

2.11 | Murine Lewis lung carcinoma cell line

The murine Lewis lung carcinoma cell line LL/2 (Research Resource

Identifier, RRID: CVCL_4358) was obtained from the American Type

Culture Collection (ATCC) in June 2024. Cells were cultured in

Dulbecco's modified Eagle medium (DMEM) supplemented with 10%

fetal bovine serum and 1% penicillin–streptomycin. Mycoplasma

testing was performed regularly, and the cell line was authenticated

upon receipt.

2.12 | Primary CAF culture, gene perturbation and
immune co‐culture

Fresh NSCLC tissues were digested with collagenase I at 1 mg/mL

and deoxyribonuclease I (DNase I) at 100 μg/mL at 37°C for 1.5 h,

filtered through a 70 μm mesh, and enriched for CAFs using

immunomagnetic beads against FAP and PDPN. Cells were

expanded short term in DMEM/F12 medium. For stratification ex-

periments, CAFs were sorted into KPNB1‐low and KPNB1‐high
populations using a KPNB1‐Alexa647 antibody by fluorescence‐
activated cell sorting.

For NRF2 perturbation, CAFs were transfected with NRF2‐
targeting small interfering RNA (siRNA) or subjected to CRISPR

activation (CRISPRa)‐mediated NRF2 activation. RNA and protein

were collected 48 h after perturbation, and expression of KPNB1,

CIITA, HLA‐DRA and CD74 was assessed by quantitative polymerase

chain reaction and western blotting.

For immune co‐culture assays, CD8+ T cells were isolated from

peripheral blood using CD8 magnetic beads, with purity >95%, and
co‐cultured with CAF subgroups at an effector‐to‐target ratio of 1:2
for 48 h. T‐cell activation was analyzed by flow cytometry using CD3,

CD8, CD69 and CD25. Cytokines in supernatants, including inter-

feron‐γ (IFN‐γ) and tumor necrosis factor‐α, were quantified by

enzyme‐linked immunosorbent assay. Contact dependence was

further assessed using Transwell assays.

2.13 | KPNB1 knockdown and bulk RNA‐seq

Primary CAFs were transfected with KPNB1‐targeting siRNA

(siKPNB1#1/#2; GenePharma; final concentration 50 nM) using

Lipofectamine RNAiMAX. Total RNA was extracted after 48 h using

TRIzol. RNA integrity was confirmed, with RNA integrity number

values of at least 7.0, and libraries were prepared using the NEBNext

Ultra II RNA Library Prep Kit with poly(A) selection. Paired‐end
sequencing with a read length of 150 base pairs was performed on

the Illumina NovaSeq 6000 platform, generating approximately

50 million clean reads per sample. Reads were aligned to the human

reference genome hg38 using STAR (v2.7), and gene counts were

generated using featureCounts. Differential expression analysis was

performed using DESeq2 with thresholds of false discovery rate

(FDR) <0.05 and absolute log2 fold change >1. GO, KEGG and GSEA

analyses were then performed to characterize transcriptional

changes associated with KPNB1 knockdown.

2.14 | Orthotopic NSCLC mouse model and
treatment

C57BL/6J mice aged 6–8 weeks (n = 75; equal numbers of males and

females) were housed under specific‐pathogen‐free conditions. All

procedures were approved by the Institutional Animal Ethics Com-

mittee. Mice were randomly assigned to five groups (n = 15 per

group): control, anti‐PD‐1, anti‐PD‐1 + CDDO‐Me (30 mg/kg), anti‐
PD‐1 + siNRF2, and anti‐PD‐1 + importazole (20 mg/kg).

Orthotopic lung tumors were established by injection of 2 × 106

LL/2 cells into the left upper lung lobe. Antiprogrammed cell death

protein 1 (anti‐PD‐1) antibody was administered at 10 mg/kg by

intraperitoneal injection twice weekly. CDDO‐Me and Importazole

were administered intraperitoneally for 3 weeks, and siNRF2 was

administered according to the intervention schedule used for in vivo

NRF2 silencing. Tumor growth was monitored weekly. Body weight,

clinical status, and survival were recorded throughout the experiment.

At day 21, tumors were collected for histological and molecular

analyses. Paraffin‐embedded sections were used for immunohisto-

chemistry (IHC), and additional tissue was processed for isolation of

tumor‐infiltrating lymphocytes and CAF‐enriched fractions. RNA and

protein from tumor‐derived CAFs were used to assess NRF2–KPNB1
signaling and MHC‐II‐related molecules.
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2.15 | Statistical analysis

All experiments were performed with at least three biological repli-

cates unless otherwise indicated. Data are presented as

mean ± standard deviation (SD) or median ± interquartile range, as

appropriate. Statistical analyses were conducted using GraphPad

Prism (v9.0) and R (v4.2.2). Two‐group comparisons were performed
using a two‐tailed Student's t‐test orMann–WhitneyU test, depending

on data distribution. Multiple‐group comparisons were analyzed using
one‐way analysis of variance with post hoc multiple‐comparison
correction. Kaplan–Meier survival curves were compared using the

log–rank test. Pearson's or Spearman's correlation coefficients were

used according to the data structure. Spatial association analyseswere

performedusingMoran's I andRipley's K. All testswere two‐sided, and
p < 0.05 was considered statistically significant.

3 | RESULTS

3.1 | Transcriptional identification of an MHC‐II‐
associated fibroblast state and its inferred immune
interaction features in NSCLC

Single‐cell transcriptomic analysis of GSE131907 resolved the major

cellular compartments in NSCLC tumor and adjacent normal tissues

(Figure 1A). Re‐clustering of the fibroblast compartment identified 10
transcriptionally distinct subclusters (Cluster 0–9) (Figure 1B).

Module scoring based on an apCAF gene signature showed that

Cluster 7 had a relatively high apCAF signature score (Figure 1C).

Feature plots of HLA‐DRA and CD74 showed that MHC‐II‐related
transcripts were primarily localized to Cluster 7 (Figure 1D). Violin

plots further showed thatHLA‐DRAandCD74expressionwere higher
in Cluster 7 than in most other fibroblast subclusters (Figure 1E). On

this basis, Cluster 7 was defined as an apCAF‐like population.
Compared with other CAFs, the apCAF‐like population showed a

higher antigen processing and presentation module score

(p < 0.0001) (Figure 1F). CD74, HLA‐DPA1, HLA‐DRA, and HLA‐
DRB1 were also increased in the apCAF‐like population (all

p < 0.0001) (Figure 1G). GO enrichment analysis showed that the

upregulated genes were mainly associated with antigen processing

and presentation, regulation of T cell activation, MHC class II protein

complex assembly, and related processes (Figure 1H). The heatmap

further showed enrichment of HLA‐DRA, CD74, HLA‐DPA1, HLA‐
DRB1, and IRF1 in the apCAF‐like population, whereas iCAFs were

enriched for C3 and C7 (Figure 1I).

CellChat analysis showed that, within the MHC‐II signaling

network, the apCAF‐like population displayed inferred communica-

tion edges directed toward T lymphocytes, whereas iCAFs, myCAFs,

and Normal_FB did not show the same pattern (Figure 1J). These

data define an apCAF‐like fibroblast state with MHC‐II‐associated
transcriptional features in NSCLC and suggest its potential involve-

ment in T cell‐related signaling interactions.

3.2 | Pseudotime distribution of CAF states and
associated gene expression dynamics

Monocle 2 pseudotime analysis resolved a continuous trajectory of

CAF state transitions (Figure 2A). When colored by cell‐state anno-
tation, Normal_FB, myCAFs, iCAFs, and the apCAF‐like population

showed distinct distributions along the branched structure, with the

apCAF‐like population located predominantly at the terminus of one
branch, whereas myCAFs and iCAFs occupied different trajectory

segments (Figure 2A).

When colored by pseudotime value, early and late cellular states

were arranged continuously along the same trajectory, with higher

pseudotime values concentrated in the terminal region containing

the apCAF‐like population (Figure 2B). This distribution positioned

the apCAF‐like population within the late segment of the CAF state‐
transition trajectory.

Fitted gene‐expression trends along pseudotime showed that

ACTA2 reached higher levels early and then declined, whereas

CD74 increased again in the intermediate‐to‐late phase; HLA‐DRA
showed limited variation across the trajectory (Figure 2C). Among

the regulatory factors, IRF1 increased more prominently in the late

segment, whereas KPNB1 varied little across the trajectory;

NFE2L2 showed a modest upward trend toward the later phase

(Figure 2C). These data define the pseudotime position of the

apCAF‐like population during CAF state transitions and show

distinct dynamic patterns for MHC‐II‐related genes and selected

regulatory factors along the trajectory.

3.3 | Association of KPNB1 expression with
survival outcome in NSCLC

Kaplan–Meier analysis in the TCGA LUAD/LUSC cohort showed

that the high‐KPNB1 group had a lower overall survival proba-

bility than the low‐expression group (p = 0.008) (Figure 3A). This

result associates higher KPNB1 expression with poorer survival

outcome.

Cox proportional hazards analysis incorporated pathological T

stage and N stage as clinicopathological variables (Figure 3B). In this

model, higher T stage and nodal stage were associated with increased

risk, indicating that tumor burden and pathological progression

remained major determinants of survival (Figure 3B).

Single‐cell expression patterns are shown in Figure S1. Relative

to normal tissue, KPNB1 expression showed an overall increase

across multiple major cell types in tumor samples, including epithelial

cells, fibroblasts, myeloid cells, and NK cells (Figure S1A). Across

major cell types in the TME, KPNB1 was detectable in epithelial cells,

fibroblasts, myeloid cells, and NK cells, whereas expression was

generally lower in lymphocyte populations (Figure S1B). These data

indicate that KPNB1 expression is not restricted to a single lineage

but is distributed across tumor cells and multiple stromal cell

populations.
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3.4 | MHC‐II‐associated communication features
and limited co‐stimulatory molecule expression in the
apCAF‐like population

CellChat analysis was used to infer potential communication net-

works between the apCAF‐like population and immune cells. Within

the MHC‐II signaling pathway, the apCAF‐like population showed

higher centrality in the sender and influencer dimensions, whereas

other CAF subtypes did not show the same pattern (Figure 4A).

Chord diagrams showed inferred communication edges origi-

nating from the apCAF‐like population in the MHC‐II, TGF‐β and

CXCL signaling pathways, connecting to T lymphocytes, B lympho-

cytes, myeloid cells, and NK cells (Figure 4B).

The ligand–receptor bubble plot derived from the apCAF‐like
population showed that MHC‐II‐related pairs mainly included

HLA‐C/F/DRA–CD4, TGF‐β‐related pairs mainly included

TGFB1/2/3–TGFBR1/2, and CXCL signaling included combinations

such as CXCL12–CXCR4/CXCR2; these inferred signals were

F I GUR E 1 Transcriptional identification of apCAF‐like fibroblasts in NSCLC. (A) UMAP plot of the major cell types in GSE131907.
(B) UMAP plot of reclustered fibroblasts showing 10 subclusters (Cluster 0–9). (C) apCAF signature scores across fibroblast subclusters.
(D) Feature plots of HLA‐DRA and CD74 in reclustered fibroblasts. (E) Expression of HLA‐DRA and CD74 across fibroblast subclusters.

(F) Comparison of antigen processing and presentation module scores between apCAF‐like cells and other CAFs; Wilcoxon test,
****p < 0.0001. (G) Expression of CD74, HLA‐DPA1, HLA‐DRA and HLA‐DRB1 in apCAF‐like cells and other CAFs; Wilcoxon test,
****p < 0.0001. (H) GO enrichment analysis of genes upregulated in apCAF‐like cells. (I) Heatmap of representative genes across fibroblast
states. (J) CellChat‐inferred intercellular communication network for the MHC‐II signaling pathway. apCAF, antigen‐presenting cancer‐
associated fibroblast; GO, gene ontology; MHC‐II, major histocompatibility complex class II; NSCLC, nonsmall cell lung cancer; UMAP, uniform
manifold approximation and projection.
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directed primarily toward myeloid cells, NK cells, B lymphocytes, and

T lymphocytes (Figure 4C).

Expression plots of co‐stimulatory molecules showed that, rela-

tive to myeloid cells and B lymphocytes, the apCAF‐like population

had lower expression of CD80 and CD86, whereas CD40, ICOSLG,

TNFSF4, and TNFSF9 were also generally low (Figure 4D). These data

define the position of the apCAF‐like population within the MHC‐II‐
associated communication network and suggest that it retains

antigen‐presentation‐related transcriptional features but limited

expression of co‐stimulatory molecules.

3.5 | Interferon‐response and antigen‐
presentation‐associated transcriptional programs in
the apCAF‐like population

GSEA was used to assess pathway enrichment patterns in the apCAF‐
like population relative to other CAF subtypes. HALLMARK_INTER-

FERON_GAMMA_RESPONSE showed positive enrichment in the

apCAF‐like population (p < 0.0001) (Figure 5A). KEGG_ANTIGEN_-

PROCESSING_AND_PRESENTATION was also positively enriched

(p < 0.0001) (Figure 5B).

F I GUR E 2 Pseudotime trajectory of CAF subtypes and associated gene expression dynamics. (A) Monocle 2 pseudotime trajectory
colored by CAF subtype, including Normal_FB, myCAF, iCAF and the apCAF‐like population. (B) The same trajectory colored by pseudotime

value, with dark purple indicating early states and yellow indicating late states. (C) Gene‐expression dynamics along pseudotime for ACTA2,
CD74, HLA‐DRA, IRF1, KPNB1 and NFE2L2, shown as scatter distributions with fitted curves; the x axis indicates pseudotime and the y axis
indicates expression level. apCAF, antigen‐presenting cancer‐associated fibroblast; iCAFs, inflammatory CAFs; KPNB1, karyopherin subunit

beta 1; myCAFs, myofibroblastic CAFs; Normal_FB, normal fibroblasts.

F I GUR E 3 Association of KPNB1 expression with survival outcome in NSCLC. (A) Kaplan–Meier overall survival curves stratified by high
and low KPNB1 expression; blue indicates the low‐expression group, red indicates the high‐expression group; shaded areas indicate
confidence intervals. (B) Forest plot of Cox proportional hazards analysis showing the associations of pathological T stage and N stage with
survival risk; points indicate hazard ratios and horizontal lines indicate 95% confidence intervals. KPNB1, karyopherin subunit beta 1; NSCLC,

nonsmall cell lung cancer.
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Additional immune‐related gene sets were likewise represented

in the enrichment profile of the apCAF‐like population, including

HALLMARK_ALLOGRAFT_REJECTION and HALLMARK_INFLAMM

ATORY_RESPONSE (all p < 0.0001) (Figure 5C,D). These results

define the transcriptional features of the apCAF‐like population as

being associated with interferon response, antigen processing and

presentation, and inflammatory programs.

The ridgeplot of Hallmark gene sets further showed enrichment

of pathways, including INTERFERON_GAMMA_RESPONSE, pro-

grams related to ANTIGEN_PROCESSING_AND_PRESENTATION,

and pathways, such as TNFA_SIGNALING_VIA_NFKB, INTERFERON_

ALPHA_RESPONSE, and INFLAMMATORY_RESPONSE (Figure 5E).

These data indicate that the apCAF‐like population exhibits a tran-

scriptional state enriched for immune‐related pathways.

3.6 | Inverse association of KPNB1 expression with
immune infiltration and immune score

Immune infiltration features at the bulk transcriptomic level were

assessed using ssGSEA and ESTIMATE. Correlation analysis showed

that KPNB1 expression was negatively associated with the infiltration

scores of multiple immune cell subsets, including B cells, immature

dendritic cells,mast cells, plasmacytoiddendritic cells, T cells, cytotoxic

cells, dendritic cells (DCs), CD8+ T cells, T helper 1 (Th1) cells, and T

follicular helper cells, whereas a limited number of subsets, including

Th2 cells, central memory T cells (Tcm cells), and gamma delta T cells

(Tgd cells), showed positive correlations (Figure 6A).

The scatter plot of KPNB1 expression versus ImmuneScore

showed a negative correlation between the two variables (p < 0.001)

(Figure 6B). This trend indicates that higher KPNB1 expression cor-

responds to a lower overall immune score.

Correlation analyses of representative immune cell populations

further showed that KPNB1 expression was negatively associated

with the infiltration scores of T cells, activated dendritic cell and

CD8+ T cells (all p < 0.001) (Figure 6C). These data define an asso-

ciation between higher KPNB1 expression and lower immune

infiltration.

3.7 | Spatial distribution of KPNB1‐associated spots
and their association with immune markers

Spatial transcriptomic data from E‐MTAB‐13530 were analyzed us-

ing Seurat and SPATA2 for spatial clustering and tissue mapping.

Unsupervised clustering identified nine spatial subclusters (Cluster

0–8), showing distinct regional distribution patterns across the tissue

section (Figure 7A).

Bivariate Moran's I analysis showed a weak positive spatial

correlation between CD8A and ITGAX (p = 0.001) (Figure 7B). This

pattern indicates a degree of spatial proximity between T cell‐related
and DC‐related markers.

F I GUR E 4 Inferred communication features between the apCAF‐like population and immune cells. (A) Heatmap of network centrality in
the MHC‐II signaling pathway, showing the relative scores of different cell populations in the sender, receiver, mediator, and influencer

dimensions. (B) Chord diagrams showing inferred intercellular communication networks in the MHC‐II, TGF‐β and CXCL signaling pathways;
connecting lines indicate inferred communication relationships between cell populations. (C) Bubble plot of ligand–receptor interactions
derived from the apCAF‐like population; dot color indicates inferred communication probability and dot size indicates p value. (D) Expression

distributions of the co‐stimulatory molecules CD40, CD80, CD86, ICOSLG, TNFSF4, and TNFSF9 in the apCAF‐like population, myeloid cells
and B lymphocytes. apCAF, antigen‐presenting cancer‐associated fibroblast; CXCL, C‐X‐C motif chemokine ligand; MHC‐II, major
histocompatibility complex class II; TGF‐β, transforming growth factor‐β.
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Ripley's K analysis of KPNB1‐high spots showed that the L(r) − r

curve remained above 0 across most spatial scales (Figure 7C). This

distribution pattern is consistent with spatial clustering.

Overlay of CXCL12‐high and KPNB1‐high spots on the hematox-
ylin and eosin background showed partial overlap between the two

signals in selected regions (Figure 7D). These data define the spatial

clustering pattern of KPNB1‐associated spots and suggest spatial as-
sociation with immune‐related markers and CXCL12 signaling.

3.8 | Regional enrichment of KPNB1‐associated
spatial modules and antigen‐presentation signals

Spatial transcriptomic data were used to assess gene‐expression
features across spatial subclusters and their tissue localization. The

dot plot showed that selected spatial subclusters were enriched for

KPNB1, CAF‐related markers, and MHC‐II‐related genes, including

HLA‐DRA and HLA‐DRB1 (Figure 8A).

Spatial mapping further showed that the KPNB1‐associated signal
was concentrated in specific regions of the tissue section rather than

being uniformly distributed across all spots (Figure 8B). This pattern

indicates regional enrichment of the KPNB1‐associated module.
Overlay of NRF2‐related and antigen‐presentation‐related sig-

nals showed partial spatial overlap between the two in selected re-

gions (Figure 8C). These data define the tissue distribution of the

KPNB1‐associated spatial module and suggest local spatial associa-

tion with antigen‐presentation‐related signals.

3.9 | NRF2 activity, KPNB1 expression and MHC‐II‐
related molecules in CAFs

To validate the regulatory role of NRF2 on the antigen presentation

function of CAFs, NRF2 functional intervention experiments were

conducted in primary CAFs derived from NSCLC patients. NRF2 ac-

tivity was perturbed in primary CAFs using CRISPRa and siRNA, fol-

lowed by assessment of KPNB1 and MHC‐II‐related molecules.

CRISPRa‐mediated activation of NRF2 increased KPNB1 mRNA,

whereas CIITA and HLA‐DRA mRNA were reduced (all p < 0.05)

(Figure 9A).

siRNA‐mediated NRF2 knockdown reduced KPNB1 mRNA,

whereas CIITA and HLA‐DRA mRNA increased (all p < 0.001) (Figure

9B). This patternwasopposite to that observedunderNRF2activation.

At the protein level, NRF2 activation increased KPNB1 and

reduced HLA‐DRα (Figure 9C). Flow‐cytometric analysis further

showed that NRF2 activation reduced the proportion of MHC‐II‐
positive CAFs, whereas siNRF2 increased this fraction (all

p < 0.001) (Figure 9D). These data define a correspondence between

NRF2 activity, increased KPNB1, and reduced MHC‐II‐related mol-

ecules in CAFs.

F I GUR E 5 GSEA pathway enrichment landscape of the apCAF‐like population. (A) GSEA enrichment plot of HALLMARK_INTERFERON_
GAMMA_RESPONSE in the comparison between the apCAF‐like population and other CAF subtypes. (B) GSEA enrichment plot of
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION. (C) GSEA enrichment plot of HALLMARK_ALLOGRAFT_REJECTION. (D) GSEA
enrichment plot of HALLMARK_INFLAMMATORY_RESPONSE. (E) Ridgeplot showing significantly enriched Hallmark gene sets in the

apCAF‐like population; the x axis indicates fold change and color indicates adjusted p value. apCAF, antigen‐presenting cancer‐associated
fibroblast; GSEA, gene set enrichment analysis.
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3.10 | T‐cell activation and cytokine release
associated with KPNB1‐low CAFs

Primary NSCLC‐derived CAFs were stratified by KPNB1 expression

and co‐cultured with CD8+ T cells, followed by assessment of T‐cell
activation and cytokine release. Flow cytometry showed that the

proportion of CD69+CD25+ T cells was higher in the KPNB1‐low
CAF condition than in the control and KPNB1‐high CAF conditions;

the corresponding gated fractions were 29.3%, 19.4% and 15.5%,

respectively (Figure 10A).

Cytokine measurements showed that IFN‐γ levels were higher in
the KPNB1‐low CAF group than in the control group (p < 0.001)

(Figure 10B) and the KPNB1‐high CAF group (p < 0.01) (Figure 10B),

whereas the KPNB1‐high CAF group was lower than the control

group (p < 0.05) (Figure 10B).

A second cytokine readout showed the same pattern, with the

KPNB1‐low CAF group higher than both the control and KPNB1‐high
CAF groups (all p < 0.0001) (Figure 10C), whereas the KPNB1‐high
CAF group also differed from the control group (p < 0.05) (Figure 10C).

The Transwell assay showed higher IFN‐α levels under contact

conditions than under no‐contact conditions (p < 0.01)

(Figure 10D). These data define an association between KPNB1‐low
CAFs and enhanced T‐cell activation together with increased

cytokine release, and suggest a contact‐dependent component of

this effect.

3.11 | Transcriptomic alterations and antigen‐
presentation‐associated pathway enrichment
following KPNB1 knockdown

Transcriptomic changes following KPNB1 knockdown in primary

CAFs were assessed by bulk RNA‐seq. Differential expression anal-

ysis identified 725 upregulated genes and 606 downregulated genes

(Figure 11A).

GO and KEGG enrichment analyses of the DEGs showed that the

upregulated genes were mainly enriched for antigen processing and

presentation and related functional terms (Figure 11B). These results

F I GUR E 6 Correlation of KPNB1 expression with immune infiltration and immune score. (A) Lollipop plot showing the correlations
between KPNB1 expression and the infiltration scores of immune cell subsets; dot color indicates p value and dot size indicates the absolute

correlation coefficient. (B) Scatter plot showing the correlation between KPNB1 expression and ImmuneScore; each dot represents one
sample, the solid line indicates the fitted curve and the shaded area indicates the 95% confidence interval. (C) Scatter plots showing the
correlations between KPNB1 expression and the infiltration scores of T cells, T cells, aDCs, and CD8+ T cells; each dot represents one sample,

the solid line indicates the fitted curve and the shaded area indicates the 95% confidence interval. aDCs, activated dendritic cells; KPNB1,
karyopherin subunit beta 1.
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show that KPNB1 knockdown is accompanied by enrichment of

antigen‐presentation‐associated transcriptional programs.

GSEA further showed positive enrichment of the [Reactome]

Mhc Class II Antigen Presentation gene set under KPNB1 knock-

down, with an normalized enrichment score of 1.348 and an FDR of

0.159 (Figure 11C). This result suggests that KPNB1 knockdown is

associated with increased MHC class II antigen‐presentation‐related
transcriptional signals.

3.12 | NRF2–KPNB1 axis inhibition and anti‐PD‐1
treatment response

An orthotopic Lewis lung cancer model was used to assess the

combined effects of NRF2–KPNB1 axis perturbation and anti‐PD‐1
treatment. Tumor growth curves showed limited suppression with

anti‐PD‐1 monotherapy, whereas the Importazole + anti‐PD‐1 and

siNRF2 + anti‐PD‐1 groups showed slower tumor growth; in

contrast, the CDDO‐Me + anti‐PD‐1 group remained close to the

control group (Figure 12A).

Kaplan–Meier analysis showed a rightward shift of the survival

curves in the Importazole + anti‐PD‐1 and siNRF2 + anti‐PD‐1
groups, whereas the CDDO‐Me + anti‐PD‐1 group did not show the

same pattern (Figure 12B). This result was directionally consistent

with the tumor growth curves.

IHC images showed differences in staining patterns across

treatment groups, with stronger positive staining visible in the

Importazole + anti‐PD‐1 and siNRF2 + anti‐PD‐1 groups

(Figure 12C). Quantification of the proportion of MHC‐II+ CAFs

further showed that the Importazole + anti‐PD‐1 and siNRF2 + anti‐
PD‐1 groups were higher than the control and anti‐PD‐1 mono-

therapy groups, whereas the CDDO‐Me + anti‐PD‐1 group was in-

termediate (comparisons as indicated by the statistical annotations in

the figure) (Figure 12D). These data show that the inhibition of the

NRF2–KPNB1 axis is associated with enhanced response to anti‐PD‐
1 therapy.

F I GUR E 7 Spatial clustering of KPNB1‐high apCAF‐like signals and their association with immune cells. (A) Spatial clustering plot of the E‐
MTAB‐13530 dataset showing the distribution of nine spatial subclusters (Cluster 0–8) across the tissue section. (B) Bivariate Moran's I
scatter plot of CD8A and ITGAX; the x axis indicates z(CD8A), the y axis indicates Wz(ITGAX), and the blue line indicates the linear fit.

(C) Ripley's K analysis of KPNB1‐high spots; the y axis indicates L(r) − r, the x axis indicates spatial radius r (pixels), and the dashed line
indicates the 0 baseline. (D) Spatial dot plot on the HE background showing the distribution of CXCL12‐high (blue) and KPNB1‐high (orange)
spots; red indicates overlapping regions (Both). apCAF, antigen‐presenting cancer‐associated fibroblast; CXCL, C‐X‐C motif chemokine ligand;

HE, hematoxylin and eosin; KPNB1, karyopherin subunit beta 1.
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4 | DISCUSSION

By integrating single‐cell transcriptomics, spatial transcriptomics, the
TCGA cohort, primary CAF functional assays, and mouse models, the

present study identified and characterized an apCAF‐like state with
MHC‐II‐associated transcriptional features in NSCLC. This state

showed increased expression of antigen‐presentation‐related mole-

cules but limited expression of co‐stimulatory molecules and was

associated with the NRF2‐KPNB1 axis, lower immune infiltration,

and altered response to anti‐PD‐1 treatment. Recent studies have

suggested that CAF heterogeneity and spatial distribution are

important determinants of the lung cancer microenvironment and

clinical outcome.44,45 The current findings further indicate that CAF‐
associated immune phenotypes in NSCLC do not represent a uniform

suppressive background but may include discrete states linked to

local immune tolerance.

The present results were broadly consistent with previous ob-

servations that MHC‐II‐associated CAF states can be identified

across multiple tumor types and constitute a relatively distinct

transcriptional category. A recent review noted that these cells are

commonly characterized by expression of CD74 and other MHC‐II‐
related molecules, whereas their immunological functions appear to

be highly context dependent.46 The apCAF‐like state identified here

showed the same transcriptional features and occupied a terminal

segment of the CAF state‐transition trajectory. These findings sup-

ported the view that the apCAF‐like state represents a distinguish-

able branch within the CAF heterogeneity spectrum, rather than

diffuse background expression of individual MHC‐II‐related genes.

Previous studies showed that, in some gastric cancer and pan‐
cancer settings, apCAF abundance was associated with immuno-

therapy sensitivity and proximity to lymphoid structures.47 In

contrast, the apCAF‐like state identified here was more consistent

F I GUR E 8 Spatial distribution of KPNB1‐associated modules and their relation to antigen‐presentation signals. (A) Dot plot showing the
expression features of representative genes across spatial subclusters; dot color indicates average expression and dot size indicates the

proportion of spots expressing each gene. (B) Spatial spot map across the tissue section showing the distribution of the KPNB1‐associated
signal; red indicates signal‐positive regions and gray indicates other spots. (C) Spatial spot map across the tissue section showing the
distribution of NRF2‐related and antigen‐presentation‐related signals; red indicates signal‐positive regions and gray indicates other spots.

KPNB1, karyopherin subunit beta 1; NRF2, nuclear factor erythroid 2‐related factor 2.
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F I GUR E 9 Expression changes of KPNB1 and MHC‐II‐related molecules in CAFs following NRF2 perturbation. (A) Relative mRNA

expression of KPNB1, CIITA and HLA‐DRA in primary CAFs following CRISPRa‐mediated NRF2 activation. (B) Relative mRNA expression of
KPNB1, CIITA and HLA‐DRA in primary CAFs following siNRF2 treatment. (C) Western blot showing KPNB1, HLA‐DRα and β‐actin protein
levels in control and NRF2‐activated CAFs. (D) Flow‐cytometry histograms and quantification showing the proportion of MHC‐II‐positive
CAFs in control, NRF2‐activated and siNRF2‐treated groups. Statistical significance is indicated in the figure as follows: *p < 0.05, ***p < 0.001,
****p < 0.0001. CAFs, cancer‐associated fibroblasts; CIITA, class II MHC transactivator; KPNB1, karyopherin subunit beta 1; MHC‐II, major
histocompatibility complex class II; NRF2, nuclear factor erythroid 2‐related factor 2.

JOURNAL OF CELL COMMUNICATION AND SIGNALING - 13 of 18



with an MHC‐II‐associated but co‐stimulation‐limited phenotype,

rather than a population directly equivalent to functional antigen‐
presenting cells. Tumor type, spatial niche, local inflammatory

context, and the tissue relationship between CAFs and immune cells

may all influence the immunological output of this state. Expression

of MHC‐II molecules alone therefore appeared insufficient to define

F I GUR E 1 0 KPNB1‐low CAFs enhance CD8+ T‐cell activation and cytokine release. (A) Flow‐cytometry plots of CD8+ T cells co‐cultured
with control, KPNB1‐low CAF and KPNB1‐high CAF groups, showing the CD69‐ and CD25‐double‐positive population. (B) IFN‐γ levels in co‐
culture supernatants from the control, KPNB1‐low CAF and KPNB1‐high CAF groups. (C) A second cytokine readout in the control, KPNB1‐
low CAF and KPNB1‐high CAF groups. (D) Comparison of IFN‐α levels between no‐contact and contact conditions in the Transwell assay.
Statistical significance is indicated in the figure as follows: *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. CAFs, cancer‐associated
fibroblasts; IFN‐γ, interferon‐γ; KPNB1, karyopherin subunit beta 1.

F I GUR E 1 1 Transcriptomic alterations and antigen‐presentation‐associated pathway enrichment following KPNB1 knockdown.
(A) Volcano plot showing DEGs. Red dots indicate upregulated genes (n = 725), blue dots indicate downregulated genes (n = 606), and gray
dots represent genes without significant changes. (B) GO and KEGG enrichment bubble plots highlight significant enrichment of pathways

related to MHC‐II complex assembly and antigen presentation. (C) GSEA results demonstrate a positive enrichment trend for the MHC class II
antigen presentation pathway among DEGs (NES = 1.348, adjusted p = 0.165, FDR = 0.159). DEGs, differentially expressed genes; FDR, false
discovery rate; GO, gene ontology; GSEA, gene set enrichment analysis; KEGG, Kyoto encyclopedia of genes and genomes; KPNB1,

karyopherin subunit beta 1; MHC‐II, major histocompatibility complex class II.
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functional directionality, and local tissue architecture together with

parallel signaling cues likely remained important.

Recent studies have associated NRF2 activation with an immu-

nosuppressive lung cancer microenvironment and reduced immune‐
cell infiltration.48,49 KPNB1, as a nuclear transport protein, partici-

pates in the nucleocytoplasmic trafficking of multiple transcriptional

regulators, and its aberrant activation has been associated with tumor

progression and immune evasion.31 In CAFs, NRF2 activation corre-

sponded to increasedKPNB1 expression togetherwith reducedCIITA,

HLA‐DRA, and the proportion ofMHC‐II‐positive cells, whereas NRF2
inhibition showed the opposite pattern. Bulk RNA‐seq following

KPNB1 knockdown further showed enrichment of antigen‐
presentation‐related pathways. These results supported the possibil-
ity that, in CAFs, the NRF2‐KPNB1 axis was more closely linked to the
restriction of MHC‐II‐related programs and the maintenance of a tol-
erogenic phenotype than to effective antigen‐presentation activation.

These observations were also consistent with current under-

standing of CAF immune biology. Recent work has shown that CAF‐
mediated immune suppression is rarely driven by a single pathway,

but instead reflects the combined effects of TGF‐β signaling, che-

mokine networks, extracellular matrix remodeling and interactions

with myeloid cells.50,51 In the present study, CellChat analysis sug-

gested that the apCAF‐like state participated in MHC‐II‐, TGF‐β‐ and
CXCL‐related communication programs while lacking substantial

expression of co‐stimulatory molecules. This combination was more

compatible with an incomplete antigen‐presentation‐related state

than with a classical immune‐activating antigen‐presenting cell. The
same framework may also account for the apparent difference be-

tween bulk‐level and single‐cell or functional observations: in the

TCGA cohort, high KPNB1 expression was associated with lower

ImmuneScore and poorer survival outcome, whereas within CAF‐
intrinsic analyses, low KPNB1 expression corresponded to higher

MHC‐II‐related molecule expression and stronger T‐cell functional
readouts. These findings likely reflected the same immune‐
phenotypic shift viewed at different analytical scales.

From a translational perspective, the present study supported a

shift in CAF‐targeting strategies from wholesale depletion toward

functional reprogramming. Recent reviews of CAF biology in NSCLC

have emphasized that CAF‐associated immunosuppressive niches are
among the major nontumor determinants limiting the efficacy of

immune checkpoint blockade.45 In the present study, Importazole or

siNRF2 in combination with anti‐PD‐1 was associated with slower

tumor growth, prolonged survival and a higher proportion of MHC‐II‐
positive CAFs, whereas CDDO‐Me did not show the same directional

effect. These results suggested that the NRF2‐KPNB1 axis may

represent a targetable CAF‐associated node and provided a pre-

clinical rationale for enhancing PD‐1 blockade through CAF pheno-

typic remodeling.

Several limitations should be noted. First, although single‐cell
analysis provided a relatively clear definition of the apCAF‐like
state in the core NSCLC dataset, publicly available scRNA‐seq evi-

dence still lacked systematic cross‐cohort validation under a unified

F I GUR E 1 2 In vivo assessment of NRF2–KPNB1 axis perturbation in combination with anti‐PD‐1 treatment. (A) Tumor growth curves in
the orthotopic Lewis lung cancer model across the indicated treatment groups, including control, anti‐PD‐1, CDDO‐Me + anti‐PD‐1,
siNRF2 + anti‐PD‐1 and Importazole + anti‐PD‐1. (B) Kaplan–Meier survival curves across the indicated treatment groups. (C) IHC images of
tumor tissues from the indicated treatment groups. (D) Quantification of the proportion of MHC‐II+ CAFs across the indicated treatment
groups. Statistical significance is indicated in the figure as follows: *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. anti‐PD‐1, anti‐
programmed cell death protein 1; CAFs, cancer‐associated fibroblast; IHC, immunohistochemistry; KPNB1, karyopherin subunit beta 1; MHC‐
II, major histocompatibility complex class II; NRF2, nuclear factor erythroid 2‐related factor 2.
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analytical framework. Second, spatial transcriptomic analysis was

performed at spot resolution rather than single‐cell resolution, such
that spatial overlap between KPNB1 and MHC‐II‐related signals

could not be interpreted as intracellular co‐expression. Third,

although primary CAF perturbation assays and transcriptomic anal-

ysis after KPNB1 knockdown established strong molecular and

functional associations, direct evidence that KPNB1 regulated MHC‐
II programs in CAFs through specific nuclear transport substrates

was not obtained. Fourth, in vivo drug and siRNA interventions may

also have affected cell populations beyond CAFs; the current animal

data were therefore more appropriately interpreted as reflecting

axis‐level effects rather than CAF‐specific causality. Fifth, multiplex
immunofluorescence and higher‐dimensional spatial validation were

not included, and the spatial heterogeneity and functional states of

CAFs will require further evaluation using higher‐resolution spatial

approaches.44,45

Future work may proceed in three directions. First, single‐cell
spatial approaches, multiplex immunofluorescence and protein‐level
validation may refine the cellular composition and tissue organiza-

tion of the apCAF‐like niche. Second, CAF‐specific genetic pertur-

bation and tracing of nuclear transport substrates may help define

how the NRF2‐KPNB1 axis regulates CIITA, MHC‐II‐related pro-

grams and immune output within CAFs. Third, larger clinical cohorts

may be used to assess the relationship between KPNB1‐associated
CAF phenotypes and anti‐PD‐1 response, and to explore combina-

tion strategies involving additional immune checkpoints or stromal

remodeling approaches. Recent studies have repeatedly suggested

that CAF targeting is more likely to achieve clinical value through

state reprogramming than through nonselective depletion.45,51,52 The

present findings supported this direction and provided a basis for

further mechanistic and translational investigation.

AUTHOR CONTRIBUTIONS

Fei Zheng conceived and designed the study; Ruoying Deng and Ran

Hou performed the experiments and analyzed the data; Lei Hong and

Yanzhi Cui contributed to methodology, validation, and investigation;

Yibing Liu provided critical resources and supervised the project. The

manuscript was written and reviewed by Fei Zheng, Ruoying Deng,

and Ran Hou with input from all authors. All authors have read and

agreed to the published version of the manuscript.

ACKNOWLEDGMENTS

This work was supported by the Medical Science Research Project of

Hebei (20241327).

CONFLICT OF INTEREST STATEMENT

The authors declare no conflicts of interest.

DATA AVAILABILITY STATEMENT

All data generated or analyzed during this study are included in this

article and/or its supporting information. Further enquiries can be

directed to the corresponding author.

ETHICS STATEMENT

All animal experiments were approved by the Animal Ethics Com-

mittee of the Fourth Hospital of Hebei Medical University.

ORCID

Yibing Liu https://orcid.org/0009-0000-4632-2943

REFERENCES

1. Huang, J., Y. Deng, M. S. Tin, V. Lok, C. H. Ngai, L. Zhang, D. E.

Lucero‐Prisno III, et al. 2022. “Distribution, Risk Factors, and Tem-

poral Trends for Lung Cancer Incidence and Mortality.” Chest 161(4):
1101–11. https://doi.org/10.1016/j.chest.2021.12.655.

2. Zhu, H., J. Sun, C. Zhang, P. Li, C. Tan, M. Yang, and G. Zhao. 2023.

“Cellular Senescence in Non‐Small Cell Lung Cancer.” Frontiers in
Bioscience (Landmark Edition) 28(12): 357. https://doi.org/10.31083/j.
fbl2812357.

3. Orooji, N., S. Babaei, M. Fadaee, H. Abbasi‐kenarsari, M. Eslami, T.

Kazemi, and B. Yousefi. 2025. “Novel Therapeutic Approaches for

Non‐Small Cell Lung Cancer: An Updated View.” Journal of Drug
Targeting 33(8): 1306–21. https://doi.org/10.1080/1061186x.2025.2
489986.

4. Malapelle, U., and C. Rolfo. 2018. “Targeted Therapy and Non‐Small
Cell Lung Cancer: A New Era.” Translational Cancer Research 8(S1):

S1–2. https://doi.org/10.21037/tcr.2018.12.36.

5. Yu, J., X. Kong, and Y. Feng. 2025. “Tumor Microenvironment‐Driven
Resistance to Immunotherapy in Non‐Small Cell Lung Cancer:

Strategies for Cold‐to‐Hot Tumor Transformation.” Cancer Drug
Resistance. https://doi.org/10.20517/cdr.2025.14.

6. Zhou, K., S. Li, Y. Zhao, and K. Cheng. 2023. “Mechanisms of Drug

Resistance to Immune Checkpoint Inhibitors in Non‐Small Cell Lung
Cancer.” Frontiers in Immunology 14: 1127071. https://doi.org/10.33

89/fimmu.2023.1127071.

7. Dai, Y., X. Tian, X. Ye, Y. Gong, L. Xu, and L. Jiao. 2024. “Role of the

TME in Immune Checkpoint Blockade Resistance of Non‐Small Cell
Lung Cancer.” Cancer Drug Resistance. https://doi.org/10.20517/cdr.2
024.166.

8. Huang, S., J. Y. F. Chung, C. Li, Y. Wu, G. Qiao, K.‐F. To, and P. M.‐K.
Tang. 2024. “Cellular Dynamics of Tumor Microenvironment Driving

Immunotherapy Resistance in Non‐Small‐Cell Lung Carcinoma.”

Cancer Letters 604: 217272. https://doi.org/10.1016/j.canlet.2024.2
17272.

9. Lee, H., M. Hwang, S. Jang, and S. W. Um. 2023. “Immune Regulatory

Function of Cancer‐Associated Fibroblasts in Non‐Small Cell Lung
Cancer.” Tuberculosis and Respiratory Diseases 86(4): 304–18. https://
doi.org/10.4046/trd.2022.0129.

10. Zhang, H., H. Jiang, L. Zhu, J. Li, and S. Ma. 2021. “Cancer‐Associated
Fibroblasts in Non‐Small Cell Lung Cancer: Recent Advances and

Future Perspectives.” Cancer Letters 514: 38–47. https://doi.org/10.1
016/j.canlet.2021.05.009.

11. Shintani, Y., T. Kimura, S. Funaki, N. Ose, T. Kanou, and E. Fukui.

2023. “Therapeutic Targeting of Cancer‐Associated Fibroblasts in

the Non‐Small Cell Lung Cancer Tumor Microenvironment.” Cancers
15(2): 335. https://doi.org/10.3390/cancers15020335.

12. O’Connor, R. A., V. Chauhan, L. Mathieson, H. Titmarsh, L. Koppen-

steiner, I. Young, G. Tagliavini, et al. 2021. “T Cells Drive Negative

Feedback Mechanisms in Cancer Associated Fibroblasts, Promoting

Expression of Co‐Inhibitory Ligands, CD73 and IL‐27 in Non‐Small
Cell Lung Cancer.” Oncoimmunology 10(1): 1940675. https://doi.

org/10.1080/2162402x.2021.1940675.

13. Pellinen, T., L. Paavolainen, A. Martín‐Bernabé, R. Papatella Araujo,
C. Strell, A. Mezheyeuski, M. Backman, et al. 2022. “Fibroblast

Subsets in Non‐Small Cell Lung Cancer: Associations With Survival,

16 of 18 - JOURNAL OF CELL COMMUNICATION AND SIGNALING

https://orcid.org/0009-0000-4632-2943
https://orcid.org/0009-0000-4632-2943
https://doi.org/10.1016/j.chest.2021.12.655
https://doi.org/10.31083/j.fbl2812357
https://doi.org/10.31083/j.fbl2812357
https://doi.org/10.1080/1061186x.2025.2489986
https://doi.org/10.1080/1061186x.2025.2489986
https://doi.org/10.21037/tcr.2018.12.36
https://doi.org/10.20517/cdr.2025.14
https://doi.org/10.3389/fimmu.2023.1127071
https://doi.org/10.3389/fimmu.2023.1127071
https://doi.org/10.20517/cdr.2024.166
https://doi.org/10.20517/cdr.2024.166
https://doi.org/10.1016/j.canlet.2024.217272
https://doi.org/10.1016/j.canlet.2024.217272
https://doi.org/10.4046/trd.2022.0129
https://doi.org/10.4046/trd.2022.0129
https://doi.org/10.1016/j.canlet.2021.05.009
https://doi.org/10.1016/j.canlet.2021.05.009
https://doi.org/10.3390/cancers15020335
https://doi.org/10.1080/2162402x.2021.1940675
https://doi.org/10.1080/2162402x.2021.1940675


Mutations, and Immune Features.” Journal of the National Cancer
Institute 115(1): 71–82. https://doi.org/10.1093/jnci/djac178.

14. Chen, C., Q. Guo, Y. Liu, Q. Hou, M. Liao, Y. Guo, Y. Zang, et al. 2023.

“Single‐Cell and Spatial Transcriptomics Reveal POSTN+ Cancer‐
Associated Fibroblasts Correlated with Immune Suppression and

Tumour Progression in Non‐Small Cell Lung Cancer.” Clinical and
Translational Medicine 13(12): e1515. https://doi.org/10.1002/ctm2.

1515.

15. Luo, H., X. Xia, L. B. Huang, M. Cao, G. D. Kim, H.‐N. Chen, W.‐H.
Zhang, et al. 2022. “Pan‐Cancer Single‐Cell Analysis Reveals the

Heterogeneity and Plasticity of Cancer‐Associated Fibroblasts in the
Tumor Microenvironment.” Nature Communications 13(1): 6619.

https://doi.org/10.1038/s41467‐022‐34395‐2.
16. Cords, L., S. Tietscher, T. Anzeneder, C. Langwieder, M. Rees, N. de

Souza, and B. Bodenmiller. 2023. “Cancer‐Associated Fibroblast

Classification in Single‐Cell and Spatial Proteomics Data.” Nature
Communications 14(1): 4294. https://doi.org/10.1038/s41467‐023‐3
9762‐1.

17. Guo, T., and J. Xu. 2024. “Cancer‐Associated Fibroblasts: A Versatile

Mediator in Tumor Progression, Metastasis, and Targeted Therapy.”

Cancer Metastasis Reviews 43(3): 1095–116. https://doi.org/10.1007/
s10555‐024‐10186‐7.

18. Foster, D. S., M. Januszyk, D. Delitto, K. E. Yost, M. Griffin, J. Guo, N.

Guardino, et al. 2022. “Multiomic Analysis Reveals Conservation of

Cancer‐Associated Fibroblast Phenotypes Across Species and Tissue
of Origin.” Cancer Cell 40(11): 1392–406.e7. https://doi.org/10.101
6/j.ccell.2022.09.015.

19. Macy, A. M., L. M. Herrmann, A. C. Adams, and K. T. Hastings. 2023.

“Major Histocompatibility Complex Class II in the Tumor Microen-

vironment: Functions of Nonprofessional Antigen‐Presenting Cells.”
Current Opinion in Immunology 83: 102330. https://doi.org/10.1016/j.
coi.2023.102330.

20. Chen, J., R. Chen, and J. Huang. 2024. “A Pan‐Cancer Single‐Cell
Transcriptional Analysis of Antigen‐Presenting Cancer‐Associated
Fibroblasts in the Tumor Microenvironment.” Frontiers in Immunology
15: 1372432. https://doi.org/10.3389/fimmu.2024.1372432.

21. Cao, Z., Z. Meng, J. Li, Y. Tian, L. Lu, A. Wang, J. Huang, et al. 2025.

“Interferon‐γ‐Stimulated Antigen‐Presenting Cancer‐Associated Fi-

broblasts Hinder Neoadjuvant Chemoimmunotherapy Efficacy in

Lung Cancer.” Cell Reports Medicine 6(3): 102017. https://doi.org/10.
1016/j.xcrm.2025.102017.

22. Zhao, J., X. Lin, D. Meng, L. Zeng, R. Zhuang, S. Huang, W. Lv, and J.

Hu. 2020. “Nrf2 Mediates Metabolic Reprogramming in Non‐Small
Cell Lung Cancer.” Frontiers in Oncology 10: 578315. https://doi.

org/10.3389/fonc.2020.578315.

23. Saigusa, D., I. N. Motoike, S. Saito, M. Zorzi, Y. Aoki, H. Kitamura, M.

Suzuki, et al. 2020. “Impacts of NRF2 Activation in Non–Small‐Cell
Lung Cancer Cell Lines on Extracellular Metabolites.” Cancer Science
111(2): 667–78. https://doi.org/10.1111/cas.14278.

24. Kang, J. I., D. H. Kim, K. W. Sung, S. M. Shim, H. Cha‐Molstad, N. K.

Soung, K. H. Lee, et al. 2021. “p62‐Induced Cancer‐Associated
Fibroblast Activation via the Nrf2‐ATF6 Pathway Promotes Lung

Tumorigenesis.” Cancers 13(4): 864. https://doi.org/10.3390/cancers
13040864.

25. Fahrmann, J. F., I. Tanaka, E. Irajizad, X. Mao, J. B. Dennison, E.

Murage, J. Casabar, et al. 2022. “Mutational Activation of the NRF2

Pathway Upregulates Kynureninase Resulting in Tumor Immuno-

suppression and Poor Outcome in Lung Adenocarcinoma.” Cancers
14(10): 2543. https://doi.org/10.3390/cancers14102543.

26. Sandström Gerdtsson, A., M. Knulst, J. Botling, A. Mezheyeuski, P.

Micke, and S. Ek. 2023. “Phenotypic Characterization of Spatial

Immune Infiltration Niches in Non‐Small Cell Lung Cancer.”

Oncoimmunology 12(1): 2206725. https://doi.org/10.1080/2162402

x.2023.2206725.

27. Zhang, D., J. Rennhack, E. R. Andrechek, C. E. Rockwell, and K. T.

Liby. 2018. “Identification of an Unfavorable Immune Signature in

Advanced Lung Tumors From Nrf2‐Deficient Mice.” Antioxidants &
Redox Signaling 29(16): 1535–52. https://doi.org/10.1089/ars.2017.

7201.

28. Xu, K., J. Ma, S. R. R. Hall, R. W. Peng, H. Yang, and F. Yao. 2023.

“Battles Against Aberrant KEAP1‐NRF2 Signaling in Lung Cancer:

Intertwined Metabolic and Immune Networks.” Theranostics 13(2):

704–23. https://doi.org/10.7150/thno.80184.

29. Zeng, Z., W. Z. Yao, L. Y. Kun, D.‐M. Ye, J. Zeng, J.‐L. Hu, P.‐F. Chen, J.
Xiao, J. Zou, and Z.‐H. Li. 2020. “Nuclear Factor Erythroid 2 (NF‐E2)‐
Related Factor 2 (Nrf2) in Non‐Small Cell Lung Cancer.” Life Sciences
254: 117325. https://doi.org/10.1016/j.lfs.2020.117325.

30. Yang, J., Y. Guo, C. Lu, R. Zhang, Y. Wang, L. Luo, Y. Zhang, et al.

2019. “Inhibition of Karyopherin Beta 1 Suppresses Prostate Cancer

Growth.” Oncogene 38(24): 4700–14. https://doi.org/10.1038/s4138
8‐019‐0745‐2.

31. Shi, Q., M. Lin, X. Cheng, Z. Zhang, S. Deng, K. Lang, Z. Yang, and X.

Sun. 2023. “KPNB1‐Mediated Nuclear Import in Cancer.” European
Journal of Pharmacology 955: 175925. https://doi.org/10.1016/j.ejph
ar.2023.175925.

32. Wang, Y., J. Xu, X. Zhu, and H. Kuang. 2023. “MicroRNA‐130a‐3p
Impedes the Progression of Papillary Thyroid Carcinoma Through

Downregulation of KPNB1 by Targeting PSME3.” Endocrine 82(1):

96–107. https://doi.org/10.1007/s12020‐023‐03383‐x.
33. Ohhara, Y., I. Kinoshita, A. Suzuki, M. Imagawa, J. Taguchi, T.

Noguchi, S. Takeuchi, et al. 2022. “Expression of Karyopherin Alpha

2 and Karyopherin Beta 1 Correlate with Poor Prognosis in Gastric

Cancer.” Oncology 100(12): 685–95. https://doi.org/10.1159/00052

6807.

34. Lan, X., L. Zhao, J. Zhang, Y. Shao, Y. Qv, J. Huang, and L. Cai. 2022.

“Comprehensive Analysis of Karyopherin Alpha Family Expression in

Lung Adenocarcinoma: Association with Prognostic Value and Im-

mune Homeostasis.” Frontiers in Genetics 13: 956314. https://doi.org/
10.3389/fgene.2022.956314.

35. Di Francesco, L., A. Verrico, I. A. Asteriti, P. Rovella, P. Cirigliano, G.

Guarguaglini, M. E. Schininà, and P. Lavia. 2018. “Visualization of

Human Karyopherin Beta‐1/Importin Beta‐1 Interactions with Pro-

tein Partners in Mitotic Cells by Co‐Immunoprecipitation and

Proximity Ligation Assays.” Scientific Reports 8(1): 1850. https://doi.
org/10.1038/s41598‐018‐19351‐9.

36. Zhu, D., M. Lu, and H. Cheng. 2025. “NAT10 Promotes Radiotherapy

Resistance in Non‐Small Cell Lung Cancer by Regulating KPNB1‐
Mediated PD‐L1 Nuclear Translocation.” Open Life Sciences 20(1):

20251065. https://doi.org/10.1515/biol‐2025‐1065.
37. Wang,Q., L. Xu,G.Wang, L. Chen,X. Jiang,H.Gao,B. Yang, andW.Tian.

2020. “Prognostic and Clinicopathological Significance of NRF2

Expression inNon‐SmallCell LungCancer:AMeta‐Analysis.”PLoS One
15(11): e0241241. https://doi.org/10.1371/journal.pone.0241241.

38. Xiaodan, S., Z. Peiyan, L. Hui, L. Yan, and C. Ying. 2023. “NRF2

Participates in the Suppressive Tumor Immune Microenvironment of

KRAS/KEAP1 Co‐Mutant Non‐Small Cell Lung Cancer by Inhibiting
the STING Pathway.” Genes & Diseases 10(5): 1727–30. https://doi.
org/10.1016/j.gendis.2022.10.009.

39. Cui, Q., W. Wang, A. Namani, H. Wang, A. Hammad, P. Huang, Y. Gao,

et al. 2023. “NRF2 Has a Splicing Regulatory Function Involving the

Survival of Motor Neuron (SMN) in Non‐Small Cell Lung Cancer.”

Oncogene 42(37): 2751–63. https://doi.org/10.1038/s41388‐023‐02
799‐z.

40. Wang, Z., N. Yan, H. Sheng, Y. Xiao, J. Sun, and C. Cao. 2023. “Single‐
Cell Transcriptomic Analysis Reveals an Immunosuppressive

Network Between POSTN CAFs and ACKR1 ECs in TKI‐Resistant
Lung Cancer.” Cancer Genomics & Proteomics 21(1): 65–78. https://
doi.org/10.21873/cgp.20430.

JOURNAL OF CELL COMMUNICATION AND SIGNALING - 17 of 18

https://doi.org/10.1093/jnci/djac178
https://doi.org/10.1002/ctm2.1515
https://doi.org/10.1002/ctm2.1515
https://doi.org/10.1038/s41467-022-34395-2
https://doi.org/10.1038/s41467-023-39762-1
https://doi.org/10.1038/s41467-023-39762-1
https://doi.org/10.1007/s10555-024-10186-7
https://doi.org/10.1007/s10555-024-10186-7
https://doi.org/10.1016/j.ccell.2022.09.015
https://doi.org/10.1016/j.ccell.2022.09.015
https://doi.org/10.1016/j.coi.2023.102330
https://doi.org/10.1016/j.coi.2023.102330
https://doi.org/10.3389/fimmu.2024.1372432
https://doi.org/10.1016/j.xcrm.2025.102017
https://doi.org/10.1016/j.xcrm.2025.102017
https://doi.org/10.3389/fonc.2020.578315
https://doi.org/10.3389/fonc.2020.578315
https://doi.org/10.1111/cas.14278
https://doi.org/10.3390/cancers13040864
https://doi.org/10.3390/cancers13040864
https://doi.org/10.3390/cancers14102543
https://doi.org/10.1080/2162402x.2023.2206725
https://doi.org/10.1080/2162402x.2023.2206725
https://doi.org/10.1089/ars.2017.7201
https://doi.org/10.1089/ars.2017.7201
https://doi.org/10.7150/thno.80184
https://doi.org/10.1016/j.lfs.2020.117325
https://doi.org/10.1038/s41388-019-0745-2
https://doi.org/10.1038/s41388-019-0745-2
https://doi.org/10.1016/j.ejphar.2023.175925
https://doi.org/10.1016/j.ejphar.2023.175925
https://doi.org/10.1007/s12020-023-03383-x
https://doi.org/10.1159/000526807
https://doi.org/10.1159/000526807
https://doi.org/10.3389/fgene.2022.956314
https://doi.org/10.3389/fgene.2022.956314
https://doi.org/10.1038/s41598-018-19351-9
https://doi.org/10.1038/s41598-018-19351-9
https://doi.org/10.1515/biol-2025-1065
https://doi.org/10.1371/journal.pone.0241241
https://doi.org/10.1016/j.gendis.2022.10.009
https://doi.org/10.1016/j.gendis.2022.10.009
https://doi.org/10.1038/s41388-023-02799-z
https://doi.org/10.1038/s41388-023-02799-z
https://doi.org/10.21873/cgp.20430
https://doi.org/10.21873/cgp.20430


41. Grout, J. A., P. Sirven, A. M. Leader, S. Maskey, E. Hector, I. Puisieux,

F. Steffan, et al. 2022. “Spatial Positioning and Matrix Programs of

Cancer‐Associated Fibroblasts Promote T‐Cell Exclusion in Human

Lung Tumors.” Cancer Discovery 12(11): 2606–25. https://doi.org/10.
1158/2159‐8290.cd‐21‐1714.

42. Pan, Y., L. Shi, Y. Liu, J. C. Chen, and J. Qiu. 2025. “Multi‐Omics
Models for Predicting Prognosis in Non‐Small Cell Lung Cancer

Patients Following Chemotherapy and Radiotherapy: A Multi‐
Center Study.” Radiotherapy and Oncology 204: 110715. https://doi.

org/10.1016/j.radonc.2025.110715.

43. Trivizakis, E., N. M. Koutroumpa, J. Souglakos, A. Karantanas, M.

Zervakis, and K. Marias. 2023. “Radiotranscriptomics of Non‐Small
Cell Lung Carcinoma for Assessing High‐Level Clinical Outcomes
Using a Machine Learning‐Derived Multi‐Modal Signature.”

Biomedical Engineering Online 22(1): 125. https://doi.org/10.1186/s12
938‐023‐01190‐z.

44. Papavassiliou, K. A., C. Adamopoulos, and A. G. Papavassiliou. 2024.

“Many Faces, Many Places: Delving Deeper into CAF Heterogeneity

in NSCLC.” Trends in Cancer 10(4): 277–9. https://doi.org/10.1016/j.t
recan.2024.02.004.

45. Wu, Z., M. Luo, H. Hu, Z. Jiang, Y. Lu, and Z. J. Xiao. 2025. “Hidden

Forces: The Impact of Cancer‐Associated Fibroblasts on Non‐Small
Cell Lung Cancer Development and Therapy.” Journal of Translational
Medicine 23(1): 830. https://doi.org/10.1186/s12967‐025‐06791‐x.

46. Thomas, M. E., E. Jie, A. M. Kim, T. G. Mayberry, B. C. Cowan, H. D.

Luechtefeld,M. R.Wakefield, andY. Fang. 2024. “Exploring theRole of

Antigen‐Presenting Cancer‐Associated Fibroblasts and CD74 on the
Pancreatic Ductal Adenocarcinoma Tumor Microenvironment.”

Medical Oncology 42(1): 15. https://doi.org/10.1007/s12032‐024‐025
64‐6.

47. Song, J., R. Wei, C. Liu, Z. Zhao, X. Liu, Y. Wang, F. Liu, and X. Liu.

2025. “Antigen‐Presenting Cancer Associated Fibroblasts Enhance

Antitumor Immunity and Predict Immunotherapy Response.” Nature

Communications 16(1): 2175. https://doi.org/10.1038/s41467‐025‐5
7465‐7.

48. Wen, H., T. Suzuki, A. Zhang, M. Sato, M. Matsumoto, Y. Takahashi, Y.

Takahashi, and M. Yamamoto. 2025. “NRF2 Activation in Cancer

Cells Suppresses Immune Infiltration into the Tumor Microenvi-

ronment.” iScience 28(10): 113519. https://doi.org/10.1016/j.isci.202
5.113519.

49. Che, M., W. Wei, X. Yang, J. Liang, Y. Li, Y. Ye, Y. Sun, et al. 2025.

“Radiation‐Induced Upregulation of Itaconate in Macrophages Pro-

motes the Radioresistance of Non‐Small Cell Lung Cancer by Sta-

bilizing NRF2 Protein and Suppressing Immune Response.” Redox
Biology 85: 103711. https://doi.org/10.1016/j.redox.2025.103711.

50. Timperi, E., H. Croizer, D. Khantakova, M. Rana, M. Molgora, J. L.

Guerriero, F. Mechta‐Grigoriou, and E. Romano. 2024. “At the

Interface of Tumor‐Associated Macrophages and Fibroblasts:

Immune‐Suppressive Networks and Emerging Exploitable Targets.”

Clinical Cancer Research 30(23): 5242–51. https://doi.org/10.1158/1

078‐0432.ccr‐24‐1690.
51. Shi, Z., C. Hu, Q. Li, and C. Sun. 2025. “Cancer‐Associated Fibroblasts

as the “Architect” of the Lung Cancer Immune Microenvironment:

Multidimensional Roles and Synergistic Regulation with Radio-

therapy.” International Journal of Molecular Sciences 26(7): 3234.

https://doi.org/10.3390/ijms26073234.

52. Tokhanbigli, S., M. Haghi, K. Dua, and B. G. G. Oliver. 2024. “Cancer‐
Associated Fibroblast Cell Surface Markers as Potential Biomarkers

or Therapeutic Targets in Lung Cancer.” Cancer Drug Resistance.
https://doi.org/10.20517/cdr.2024.55.

SUPPORTING INFORMATION

Additional supporting information can be found online in the Sup-

porting Information section at the end of this article.

18 of 18 - JOURNAL OF CELL COMMUNICATION AND SIGNALING

https://doi.org/10.1158/2159-8290.cd-21-1714
https://doi.org/10.1158/2159-8290.cd-21-1714
https://doi.org/10.1016/j.radonc.2025.110715
https://doi.org/10.1016/j.radonc.2025.110715
https://doi.org/10.1186/s12938-023-01190-z
https://doi.org/10.1186/s12938-023-01190-z
https://doi.org/10.1016/j.trecan.2024.02.004
https://doi.org/10.1016/j.trecan.2024.02.004
https://doi.org/10.1186/s12967-025-06791-x
https://doi.org/10.1007/s12032-024-02564-6
https://doi.org/10.1007/s12032-024-02564-6
https://doi.org/10.1038/s41467-025-57465-7
https://doi.org/10.1038/s41467-025-57465-7
https://doi.org/10.1016/j.isci.2025.113519
https://doi.org/10.1016/j.isci.2025.113519
https://doi.org/10.1016/j.redox.2025.103711
https://doi.org/10.1158/1078-0432.ccr-24-1690
https://doi.org/10.1158/1078-0432.ccr-24-1690
https://doi.org/10.3390/ijms26073234
https://doi.org/10.20517/cdr.2024.55

	Multi‐omics analysis identifies a major histocompatibility complex class II‐associated antigen‐presenting cancer‐associated ...
	1 | INTRODUCTION
	2 | MATERIALS AND METHODS
	2.1 | Acquisition and preprocessing of single‐cell transcriptomic data
	2.2 | Normalization, dimensionality reduction and clustering
	2.3 | Fibroblast subpopulation analysis
	2.4 | Module scoring, enrichment analysis and gene‐expression comparison
	2.5 | Pseudotime trajectory analysis
	2.6 | Survival and immune‐score analysis in TCGA
	2.7 | Ligand–receptor interaction analysis
	2.8 | Pathway enrichment analysis of the apCAF‐like population
	2.9 | Spatial transcriptomics and spatial association analysis
	2.10 | Primary human CAFs
	2.11 | Murine Lewis lung carcinoma cell line
	2.12 | Primary CAF culture, gene perturbation and immune co‐culture
	2.13 | KPNB1 knockdown and bulk RNA‐seq
	2.14 | Orthotopic NSCLC mouse model and treatment
	2.15 | Statistical analysis

	3 | RESULTS
	3.1 | Transcriptional identification of an MHC‐II‐associated fibroblast state and its inferred immune interaction features  ...
	3.2 | Pseudotime distribution of CAF states and associated gene expression dynamics
	3.3 | Association of KPNB1 expression with survival outcome in NSCLC
	3.4 | MHC‐II‐associated communication features and limited co‐stimulatory molecule expression in the apCAF‐like population
	3.5 | Interferon‐response and antigen‐presentation‐associated transcriptional programs in the apCAF‐like population
	3.6 | Inverse association of KPNB1 expression with immune infiltration and immune score
	3.7 | Spatial distribution of KPNB1‐associated spots and their association with immune markers
	3.8 | Regional enrichment of KPNB1‐associated spatial modules and antigen‐presentation signals
	3.9 | NRF2 activity, KPNB1 expression and MHC‐II‐related molecules in CAFs
	3.10 | T‐cell activation and cytokine release associated with KPNB1‐low CAFs
	3.11 | Transcriptomic alterations and antigen‐presentation‐associated pathway enrichment following KPNB1 knockdown
	3.12 | NRF2–KPNB1 axis inhibition and anti‐PD‐1 treatment response

	4 | DISCUSSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT
	ETHICS STATEMENT


