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CLIC6 and ANLN: novel
exosome-related prognostic
markers and therapeutic targets
in lung adenocarcinoma
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Background: Exosomes can promote tumor development and regulate tumor
immune responses, making them of signi�cant value in Lung Adenocarcinoma
(LUAD) management. In-depth exploration of exosome-related genes in LUAD is
of great signi�cance for expanding LUAD clinical treatment options.
Methods: Data from The Cancer Genome Atlas (TCGA) and Gene Expression
Omnibus (GEO) were analyzed. Differential expression analysis (limma package),
consensus clustering (ConsensusClusterPlus), and Least Absolute Shrinkage and
Selection Operator (LASSO) regression (glmnet package) were used to build a
prognostic model. Immune in�ltration was assessed with TIMER, MCPcounter,
and single-sample gene set enrichment analysis (ssGSEA). Tumor Immune
Dysfunction and Exclusion (TIDE) algorithm evaluated immunotherapy
response. Single-cell RNA sequencing (scRNA-seq) data were processed using
Seurat. LUAD cell lines (A549, NCI-H838) were used for quantitative real-time
PCR (qRT-PCR), Cell Counting Kit-8 (CCK-8), Transwell, and wound-
healing assays.
Results: Four genes associated with exosomes were identi�ed as key genes
signi�cantly in�uencing LUAD prognosis, namely CLIC6, ANLN, FAM83A, and
RHOV. A LUAD prognosis model was constructed based on these genes, and the
ROC curve con�rmed the model’s excellent predictive performance. Immune
in�ltration analysis revealed immune cell in�ltration differences between low- and
high-RiskScore groups in LUAD, with signi�cant differences in in�ltration
observed between groups for cells including eosinophils, T cells, myeloid
dendritic cells, and B lineage (P < 0.05). CD274, PDCD1 and LAG3 were highly
expressed in the high-risk group of LUAD (P < 0.01). Exosome-related pathways
were signi�cantly enriched in epithelial cells and monocyte/macrophage cells.
Single-cell analysis reveals that CLIC6 exhibits higher expression levels in
epithelial cells. ANLN regulates the malignant phenotype of LUAD cell lines.
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Conclusion: A four-gene exosome-related signature was identi�ed that can
effectively separate LUAD patients into risk subgroups having distinct immune
characteristics and immunotherapeutic bene�ts. Which occurred when ANLN
was validated as an oncogene, coupled to the model being signi�cantly
associated with immune evasion mechanisms, suggests these biomarkers
could enhance prognostic assessment and allow clinicians to identify patients
who may be less likely to respond to immunotherapy, thereby informing
personalized treatment strategies.
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Introduction

Based on pathological classi�cation, Lung Adenocarcinoma
(LUAD) has become the most common subtype of lung cancer
(1–3), with an increasing incidence rate, especially among young
women and smokers (4, 5). In recent years, LUAD treatment has
evolved beyond traditional surgical, chemotherapy, and
radiotherapy approaches to include new strategies such as
targeted therapy, immunotherapy, and personalized treatment (6,
7). However, due to issues such as high heterogeneity and drug
resistance, the overall survival rate for LUAD remains low, and
mortality rates remain high (8). Currently, treatment strategies for
LUAD are evolving toward greater diversity and personalization,
with comprehensive treatment approaches combining multiple
modalities emerging as a new trend (9, 10). Identifying LUAD-
related prognostic genes and establishing prognostic models are
crucial foundations for achieving personalized treatment and also
facilitate further research into LUAD.

Exosomes are small vesicles secreted by a variety of cell types,
containing biological signals such as proteins, mRNA, miRNA, and
DNA (11, 12). When they act on recipient cells, they can cause
changes in the morphology and function of the corresponding cells
(13–15). Therefore, exosomes can serve as key mediators of
intercellular communication (16). Increasing research indicates
that proteins and nucleic acids in exosomes can serve as
biomarkers for tumor diagnosis and prognosis, possessing
signi�cant clinical value (17, 18). High levels of miR-20b-5p are
found in exosomes produced by non-small cell lung cancer
(NSCLC) cells compared to exosomes from normal cells. This
microRNA promotes cancer cell proliferation by downregulating
the type 2 transforming growth factor-beta (TGF-b) receptor and
enhances cancer cell invasion and the complex tumor
microenvironment (19). Additionally, studies have shown that
exosomes derived from M2-type macrophages signi�cantly
increase NSCLC cell migration and invasion by delivering
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integrin aVb3; when integrin is blocked, the effects of M2-type
macrophage-mediated NSCLC cell invasion and migration are
signi�cantly reduced (20). In terms of immune regulation, related
studies have found that tumor cell-secreted exosomes can induce
macrophage polarization toward an immunosuppressive phenotype
through metabolic reprogramming mechanisms (21). Exosomes
signi�cantly accelerate the glycolytic process of macrophages by
activating the NF-kB-dependent glycolytic pathway, promoting
lactate production. Exogenous lactate, in turn, directly activates
the NF-kb signaling pathway, forming a positive feedback loop to
sustain a high expression of PD-L1 on the surface of macrophages,
ultimately promoting the formation of an immunosuppressive pre-
metastatic niche (21, 22). This undoubtedly provides important
insights into the mechanisms of immune regulation in lung cancer
progression. However, the speci�c exosome-related genes that drive
LUAD progression and modulate anti-tumor immunity remain to
be elucidated.

This study introduces an innovative approach by systematically
integrating exosome-associated gene pro�ling with single-cell
transcriptomic and tumor immune microenvironment analysis in
LUAD. The research was designed to identify critical molecular
features linked to exosomes, construct a comprehensive prognostic
framework, and explore its association with immunological
characteristics and therapy response. The potential signi�cance of
this work lies in providing a novel multi-dimensional tool for
patient strati�cation and offering foundational insights for
advancing personalized immunotherapy in LUAD.
Materials and methods

Data acquisition

The TCGA (https://portal.gdc.cancer.gov) database was
accessed to obtain gene expression data and clinical data of
LUAD samples. After deleting patients without complete survival
time and status or survival time shorter than 0 day, the RNA-seq
expression pro�les of 500 tumor samples and 59 control samples
were converted to FPKM format and log2-transformed. The
GSE31210 dataset with 226 tumor samples was downloaded from
GEO. In this study, the TCGA-LUAD dataset and GSE31210
dataset served as the training and independent validation sets,
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respectively. GSE149655 from the GEO database was obtained.
Based on the provided �le containing sample information
corresponding to each cell, we selected tumor lesions and related
control samples, including 2 tumor lesion samples and 2 control
samples. In this study, 2,035 lung cancer-derived exosomes were
obtained from the exocarta database (http://www.exocarta.org/)
(23). Detailed information on these genes is provided in
Supplementary Table S1.

LUAD subtype clustering

Under the criteria of |log 2 (FC)| > log2(2) and adjusted p <
0.05, differentially expressed genes (DEGs) between NSCLC and
control samples were �ltered by the limma package (24). The
intersection of DEGs and genes related to exosomes was taken to
obtain DEGs related to exosomes. Subsequently , the
ConsensusClusterPlus package (25) was used to cluster the tumor
samples, speci�cally with clusterAlg = “hc”, distance = “pearson”,
and 500 sampling repetitions, each with an 80% sampling
proportion. According to cumulative distribution function (CDF),
we determined the optimal number of clusters.

LUAD risk assessment model construction

Following univariate Cox regression on DEGs from exosome-
related LUAD subtypes, LASSO-Cox regression was performed
using the glmnet package (26) with 10-fold cross-validation to
select the optimal penalty parameter l (lambda.min), thereby
shrinking coef�cients to prevent over�tting. Subsequently,
stepwise regression based on the Akaike Information Criterion
(AIC) was applied using the stepAIC function from the MASS
package to further re�ne the prognostic model. Subsequently, a
LUAD prognosis risk assessment model was developed as follow:

Riskscore = obi �*expression�i

(i refers to the level of gene expression, and b is the Cox
regression coef�cient of the gene).

Following strati�cation of patients into high- and low-risk
groups according to the median RiskScore, survival outcomes
were compared using Kaplan–Meier analysis and signi�cance of
differences was compared by log-rank test. Employing the R
software package timeROC (27), ROC curve was plotted to assess
the model reliability in prognostic and survival prediction.

Immune in�ltration analysis of LUAD

This study used the TIMER algorithm to compute immune cell
scores for the two risk groups in TCGA-LUAD. The MCPcounter
package (28) and ssGSEA were used to calculate the differences in
immune cell in�ltration in LUAD samples with different RiskScores.

Immunotherapy response assessment

Immunotherapy response of LUAD was evaluated by the TIDE
method. The TIDE score was computed by importing LUAD
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t ranscr ip tomic data into the TIDE webs i te (ht tp : / /
tide.dfci.harvard.edu/), with a higher TIDE indicating less
immunotherapy bene�t.

The scRNA-Seq analysis

This study used the Read10X function of the Seurat package
(29) to read the data, retaining cells with a mitochondrial gene
proportion <20% and a gene count between 200 and 7500. Data
were standardized with the SCTransform function, followed by
using the RunPCA function to conduct principal component
analysis (PCA). The harmony package (30) was used to remove
batch effects between different samples. Here, the �rst 30 PCs were
used for UMAP dimensionality reduction. The FindNeighbors and
FindClusters functions were used to cluster cell subpopulations
(resolution=0.1). Finally, marker genes provided by the
CellMarker2.0 database were used to annotate each cell type.
Finally, to assess the enrichment activity of exosome-related
pathways in tumor lesions as compared to adjacent non-tumor
samples, the AUCell method (31) was used to calculate pathway
activity scores at the single-cell level using single-cell
transcriptomic data.

Cell culture and transfection

DMEM with 10% FBS at 37 °C was employed to cultivate
human cell lines BEAS-2B, A549, and NCI-H838 (ATCC, USA) in a
humidi�ed atmosphere containing 5% CO2. For gene silencing, cells
were transfected with siRNA targeting the indicated genes or si-NC
utilizing Lipofectamine 3000 reagent (Invitrogen, USA) in strict
accordance with protocol. Here, we selected only the ANLN gene
knockdown for subsequent functional validation experiments.
The sequences of si-target gene were as follows: si-ANLN
( G T G A A G A G A A A T C T T G T A C A A A A a n d G A G
AAATCTTGTACAAAACCATC).

Quantitative real-time PCR

Using the Trizol reagent, total RNA was isolated to synthesize
cDNA with the Qiagen One-Step RT-PCR Kit (Qiagen GmbH,
Germany). qRT-PCR was conducted on the ABI 7500 Real-Time
PCR System (Thermo Fisher Scienti�c, USA) using SYBR Green
Master Mix to evaluate relative gene expression. The relative mRNA
levels were analyzed and normalized to GAPDH expression using
the 2� DDct method. The primers were as follows:

CLIC6 (Forward: GACATCACCCTCTTCGTCAAGG;
Reverse: CTTTTCAGGTCCACTGTGGTCAC).

ANLN (Forward: CAGACAGTTCCATCCAAGGGAG;
Reverse: CTTGACAACGCTCTCCAAAGCG).

FAM83A (Forward: ATCCAGCGCCACTGTGTACTTC;
Reverse: CCGTGAACACATCCATCAGGATG).

RHOV (Forward: ACTGCGCTGGACACCTTCTCTG;
Reverse: CACGCCAGGAAGACATCGGTAT).

GAPDH (Forward: GTCTCCTCTGACTTCAACAGCG;
Reverse: ACCACCCTGTTGCTGTAGCCAA).
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Cell proliferation assay

CCK-8 assay (Dojindo Laboratories, Japan) was used for
measuring cell viability. Brie�y, cells were seeded into 96-well
plates (10 mL per well) and cultured for the indicated times. The
absorbance at 450 nm was measured using a microplate reader.

Cell invasion assay

Upper Transwell chambers (Corning, USA) were pre-coated
with Matrigel and added with cells, while the lower chamber
contained medium with 10% FBS. After 48-h incubation at 37 °C,
invaded cells were �xed with 4% paraformaldehyde and colored by
crystal violet for 10 min, whereas non-invaded cells were removed
from the upper surface. The invaded cells was quanti�ed with an
inverted microscope.

Wound healing assay

Cells were plated into 6-well plates to full con�uence. A linear
scratch was produced across the monolayer using a sterile pipette
tip. Detached cells were gently washed away with PBS, and fresh
serum-free medium was added. Images were captured at 0 h and 48
h using a microscope, and the wound closure rate was calculated as:
(initial wound width – remaining wound width)/initial wound
width × 100%.

Statistical analysis

All statistical analyses were performed using R software (4.3.1)
and GraphPad Prism 10.6.1. The differential expression analysis
between tumor and normal samples was performed using the
limma package. The differences in immune cell in�ltration and
checkpoint gene expression between risk groups were evaluated
using the Wilcoxon signed-rank test. For comparisons in two
independent groups, unless the assumptions of normality and
homogeneity of variance were met, Welch’s unpaired t-test was
employed. If those assumptions met the standard, unpaired
Frontiers in Immunology 04
Student’s t-test was used. In instances where there were more
than two groups involved, one-way analysis of variance
(ANOVA) was conducted. Tukey’s post-hoc test for multiple
comparisons was used where appropriate. The data for all the in
vitro experiments were represented as mean – standard deviation
(SD) from three independent replicates. In the study, a p-value less
than 0.05 was considered to be statistically signi�cant.
Results

Screening of LUAD exosome-related genes

This study identi�ed DEGs between TCGA-LUAD tumor
samples and control samples, and further intersected them with
exosome-related genes, obtaining a total of 185 LUAD exosome-
related DEGs (Figures 1A, B).

Molecular subtyping of LUAD based on
exosome-related genes

Using these 185 genes , th i s s tudy employed the
ConsensusClusterPlus method to perform cluster analysis on
samples from the TCGA-LUAD dataset. By analyzing the CDF
and CDF Delta area curve, the cluster number was set to 2, the
clustering results exhibited high stability (Figure 2A). Therefore,
this study determined the optimal number of clusters to be k=2,
thereby classifying the samples into two molecular subtypes (C1
and C2) (Figure 2B). Two molecular subtypes showed signi�cant
prognostic differences, with the C1 exhibiting a better prognosis
than C2 (Figure 2C). Enrichment analysis revealed that the C1
subtype was notably enriched in signaling pathways such as
K R A S _ S I G N A L I N G _ U P , C O A G U L A T I O N , a n d
INFLAMMATORY_RESPONSE, while the C2 subtype was
signi�cantly enriched in pathways including DNA_REPAIR,
OXIDATIVE_PHOSPHORYLATION, MTORC1_SIGNALING,
and GLYCOLYSIS (Figure 2D).
FIGURE 1

Differential expression analysis of LUAD. (A) Volcano plot of DEGs between TCGA-LUAD tumor samples and control samples. (B) The intersection
between DEGs and exosome-associated genes in Venn diagram.
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Construction of a LUAD prognosis model

DEGs between LUAD subtypes were subjected to univariate
COX regression analysis and LASSO regression analysis to develop
a risk model, with 10-fold cross-validation to improve the
generalization abilities of the model (Figures 3A, B). Through
further stepwise multivariate regression analysis, this study
identi�ed four genes as signi�cantly in�uencing LUAD prognosis
and constructed a prognostic assessment model: Riskscore = -0.066
× CLIC6 + 0.176 × ANLN + 0.12 × FAM83A + 0.113 × RHOV
(Figure 3C). This study classi�ed LUAD patients into low-risk and
high-risk groups based on Riskscore, and the ROC curve con�rmed
the reliability of the model in predicting 1- to 5-year survival
outcomes for patients, with AUC values exceeding 0.6
(Figure 3D). Survival analysis results showed that LUAD patients
with high Riskscore had signi�cantly lower survival rates than those
with low Riskscore, and the high Riskscore group had a higher
number of deaths (Figures 3E, F). This study was validated in the
GSE31210 dataset, yielding the same conclusions: LUAD patients
with high Riskscore had more deaths and poorer prognosis, and the
model accurately predicted patient survival outcomes over 1 to 5
years, with AUC values exceeding 0.6 on the ROC curve
(Figures 3G–I). The present research assessed the importance of
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each gene’s impact on LUAD prognosis, revealing that LUAD
samples with high expression of the ANLN, FAM83A, and
RHOV genes had signi�cantly poorer prognosis (Figure 3J).

Assessment of immune in�ltration levels in
low- and high-risk groups of LUAD

This study calculated the immune cell scores of TCGA-LUAD in
different groups. It was found that neutrophils had higher immune-
related scores in the low-risk group, which was statistically signi�cant
(Figure 4A). Additionally, myeloid dendritic cells, T cells, B lineage
showed a signi�cant negative correlation with Riskscore (Figure 4B).
This study analyzed the correlation between Riskscore and ssGSEA
immune cell scores, �nding that eosinophils, mast cells, and
plasmacytoid dendritic cells showed a signi�cant negative
correlation with Riskscore (Figure 4C).

Immune response assessment in LUAD

This study analyzed immunotherapy response differences
between the two risk groups. First, we analyzed differences in
immunotherapy response between different risk groups and found
that the TIDE score was higher in the high-risk group of TCGA-
FIGURE 2

Consensus clustering of LUAD samples. (A) CDF curve and CDF Delta area curve of TCGA-LUAD samples. (B) Clustering heat map of TCGA-LUAD
samples at consensus k=2. (C) KM curve of the overall survival (OS) prognosis relationship between the two subtypes in TCGA-LUAD. (D) Pathway
differences between subtypes in GSEA analysis.
frontiersin.org

https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Miao et al. 10.3389/�mmu.2026.1756058
LUAD than in the low-risk group (Figure 5A). Subsequently, we
analyzed the expressions of immune checkpoints in the two risk
groups and observed that CD274, PDCD1, and LAG3 were highly
expressed in the high-risk group, indicating a higher likelihood of
immune escape in this group (Figure 5B).
Frontiers in Immunology 06
Single-cell atlas of LUAD

The GSE149655 dataset contains two tumor lesion samples and
two control samples. When performing single-cell transcriptomics
analysis, we retained high-quality cells with a mitochondrial gene
FIGURE 3

Development and evaluation of the LUAD prognostic model. (A, B) Distribution of gene coef�cients generated with log(l) in the LASSO model and
the LASSO coef�cient spectrum. (C) Risk coef�cients of prognostic-related genes in the prognostic model in TCGA-LUAD. (D, E) ROC curves and
survival curves evaluating the reliability of the LUAD prognostic model in TCGA-LUAD. (F) Proportion of deceased patients in the high- and low-risk
groups in TCGA-LUAD. (G) Proportion of deceased patients in the high- and low-risk groups in the GSE31210 dataset. (H, I) ROC curves and survival
curves for the GSE31210 dataset to assess the reliability of the prognostic model. (J) KM curves for the high- and low-expression groups of TCGA
prognostic-related genes.
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proportion of less than 20% and a detected gene count between 200
and 7,500 (Figure 6A). Following clustering analysis and
annotation, seven cell subpopulations were identi�ed, including:
Endothelial cells, Monocyte/Macrophage, Epithelial cells, Mast
cells, Fibroblast cells, Plasma cells, and T cells (Figure 6B).
Frontiers in Immunology 07
The marker genes for each cell subpopulation are shown in
Figure 6C. Furthermore, we assessed the enrichment activity of
exosome-related pathways in tumor samples and adjacent non-
tumor samples, and the results indicated that the enrichment scores
were higher in Epithelial cells and Monocyte/Macrophage cells than
FIGURE 4

immune microenvironment of LUAD assessed by the prognostic model. TIMER (A), MCP-counter (B), and ssGSEA (C) analyzed the differences in
immune cell in�ltration between high- and low-risk LUAD groups. ns means p > 0.05; * p < 0.05, ** p < 0.01, *** p < 0.001, and **** p < 0.0001.
FIGURE 5

Analysis of immune therapy response in LUAD. (A) Differences in TIDE analysis results between LUAD groups with high and low risk. (B) Differences in
immune checkpoint gene expression between the two risk LUAD groups. ns means p > 0.05; * p < 0.05, ** p < 0.01, *** p < 0.001, and **** p < 0.0001.
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