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Abstract

Background Cancer-associated fibroblasts (CAFs) play a crucial role in the tumor microenvironment of lung adeno-
carcinoma (LUAD) and are often associated with poorer clinical outcomes. This study aimed to screen for CAF-specific
genes that could serve as promising therapeutic targets for LUAD.

Methods We established a single-cell transcriptional profile of LUAD, focusing on genetic changes in fibroblasts.
Next, we identified key genes associated with fibroblasts through weighted gene co-expression network analysis
(WGCNA) and univariate Cox analysis. Then, we evaluated the relationship between glutathione peroxidase 8 (GPX8)
and clinical features in multiple independent LUAD cohorts. Furthermore, we analyzed immune infiltration to shed
light on the relationship between GPX8 immune microenvironment remodeling. For clinical treatment, we used

the tumor immune dysfunction and exclusion (TIDE) algorithm to assess the immunotherapy prediction efficiency
of GPX8. After that, we screened potential therapeutic drugs for LUAD by the connectivity map (cMAP). Finally, we
conducted a cell trajectory analysis of GPX8* CAFs to show their unique function.

Results Fibroblasts were found to be enriched in tumor tissues. Then we identified GPX8 as a key gene associ-

ated with CAFs through comprehensive bioinformatics analysis. Further analysis across multiple LUAD cohorts
demonstrated the relationship between GPX8 and poor prognosis. Additionally, we found that GPX8 played a role

in inducing the formation of an immunosuppressive microenvironment. The TIDE method indicated that patients
with low GPX8 expression were more likely to be responsive to immunotherapy. Using the cMAP, we identified beta-
CCP as a potential drug-related to GPX8. Finally, cell trajectory analysis provided insights into the dynamic process
of GPX8* CAFs formation.
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Conclusions This study elucidates the association between GPX8" CAFs and poor prognosis, as well as the induction
of immunosuppressive formation in LUAD. These findings suggest that targeting GPX8* CAFs could potentially serve

as a therapeutic strategy for the treatment of LUAD.

Keywords Lung adenocarcinoma, GPX8, Cancer-associated fibroblasts, Prognosis, Immunosuppressive

microenvironment

Introduction

Lung cancer is one of the leading causes of death in can-
cer patients in the world today [1]. Lung adenocarci-
noma, the most common histologic subtype of cancer,
is responsible for approximately 40% of all lung cancer
diagnoses [2]. Advances in early diagnostic techniques
and more sophisticated, systematic surgical resection and
chemotherapy have improved survival times and qual-
ity of life for patients with LUAD (3, 4]. However, due to
the malignant nature of lung adenocarcinoma, which is
prone to metastasis and drug resistance, the 5-year sur-
vival rate is still only around 20% [5-7]. Therefore, it is
essential to investigate the mechanisms that drive the
progression of LUAD and to identify viable therapeutic
targets.

The remodeling of the tumor microenvironment is
widely acknowledged as a critical factor that influences
the effectiveness of clinical anticancer therapy [8]. As
a major component of the tumor microenvironment,
CAFs play a crucial role in promoting the progression
of malignant tumors. This role is diverse and involves
various functions such as regulating tumor cell growth,
migration, and invasion [9, 10]. CAFs have been shown
to not only modulate growth, metastasis, and angiogen-
esis by directly regulating cancer cells [11, 12], but also
can indirectly induce the formation of a microenviron-
ment conducive to tumor invasion by activating and
recruiting non-tumor components in the TME [13]. For
example, CAFs can induce the recruitment of myeloid
cells, which in turn induces immunosuppression of T
cells and angiogenesis [14—16]. In co-culture, CAF was
found to inhibit NK cell activation by interfering with
IL-2-mediated upregulation of the triggering receptors
NKp44, NKp30, and DNAM-1 [17]. Additionally, CAFs
secrete a variety of molecules in the TME that assist in
LUAD progression and metastasis, including matrix met-
alloproteinases (MMPs family), cytokines, chemokines,
and growth factors among others [13]. CAF has begun to
emerge as a key target for novel cancer therapies in the
clinical setting. Currently, more and more drugs targeting
CAF activation-related pathways have begun to enter the
clinical field, such as TGF-f inhibitors, FAK inhibitors,
Hedgehog inhibitors, and fibroblast growth factor recep-
tor (FGFR) inhibitors [17]. Therapeutic strategies target-
ing CAF have been shown to be effective in the treatment

of non-small cell lung cancer (NSCLC) [18]. Therefore,
exploring targets associated with CAFs represents a
promising therapeutic strategy for LUAD treatment.

Glutathione peroxidase 8 (GPX8) is a transmembrane
protein localized in the ER and the last recognized mem-
ber of the glutathione peroxidase (GPX) protein family,
which has the primary function of limiting the cellular
accumulation of reactive oxygen species (ROS) [19, 20].
GPX8 can reduce oxidized PDI and prevent endoplas-
mic reticulum oxidoreductase 1 alpha (EROla)-derived
H,0, leakage by regulating ERO1a [21, 22]. Recent stud-
ies have shown that GPX8 can maintain the invasive mes-
enchymal-like phenotype of breast cancer cells through
the IL-6/STAT3 axis [23]. GPX8 has been recognized as
a prognostic marker for cancers such as gastric cancer
and primary glioma [24, 25]. In clear cell renal cell car-
cinoma, GPX8 silencing inhibits tumorigenesis by regu-
lating nicotinamide N-methyltransferase (NNMT) [26].
These studies demonstrated the importance of aberrant
expression of GPX8 in carcinogenesis, which may serve
as a potential target for cancer therapy. However, the
oncogenic role of GPX8 in LUAD still needs to be further
explored.

Our current study, based on single-cell sequencing
data and comprehensive analysis of multiple independent
bulk-RNA cohorts, has identified that GPX8 is expressed
aberrantly in LUAD and is primarily found in CAFs,
where it plays a key role in tumor progression. We found
that the activation of GPX8 in the tumor microenviron-
ment is associated with poorer survival outcomes and
the development of an immunosuppressive environment.
Functionally, GPX8" CAFs demonstrated enhanced
cell adhesion, migration, and immunomodulatory capa-
bilities compared to GPX8~ CAFs. Together, these find-
ings suggest that the interplay between GPX8 and CAFs
significantly influences LUAD tumor progression, and
GPX8' CAFs could represent a novel therapeutic target
for future CAF-directed treatments.

Materials and methods

Data downloading and preprocessing

Bulk-RNA sequencing data: mRNA expression profiles
and clinical information of The Cancer Genome Atlas
Program (TCGA), LUAD patient data, including 576
samples, 517 tumor samples, and 59 normal samples,
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were obtained from the UCSC website (https://xenab
rowser.net/datapages/). Transcriptome data and clini-
cal information for GSE31210, GSE72094, GSE30219,
GSE50081, and GSE19188 were obtained from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.
nlm.nih.gov/geo/).

Download and integration of single-cell RNA sequenc-
ing data: scRNA-seq data for two LUADs (GSE123902
and GSE153935) were obtained from the GEO database,
respectively. 17 samples were acquired from GSE123902,
4 normal and 13 tumor samples. 18 samples were
obtained from GSE153935, which were 6 normal and 12
tumor samples. The screening criteria for the cells were
as follows: a). each sample should contain no less than
300 and no more than 5000 cells; b). each cell should
express more than 200 genes; c). each gene should be
expressed in at least 3 cells; and d). the content of mito-
chondrial RNA in each cell should be less than 30% [27].
After filtering the qualified cells are screened by these
criteria, we used the “NormalizeData” function in the
Seurat package to normalize the expression values. Sub-
sequently, the “FindVariableFeatures” function was used
to identify 2000 highly variable genes, which were then
centered using the “ScaleData” function [27]. Finally, we
used the “harmony” R package [28] for data integration.
The “harmony” R package enables fast, sensitive and
accurate integration of cells from different donors, tissues
and technology platforms.

Cellular annotation, differential gene, and functional
enrichment analysis

In this study, we utilized the “SingleR” package [29] to
automatically annotate the samples by cell type and com-
bined it with manual annotation. The SingleR package
calculates the correlation between the gene expression
of a single cell sample and the gene expression of a cell
type from a reference database. By iteratively eliminat-
ing the weakest correlation for each cell type, the corre-
sponding cell type can be identified [29]. Furthermore,
considering that the differences in the study population
may introduce some bias to the results of the automatic
annotation, we then further manually annotated the
automatically annotated cell populations. Subsequently,
we used the “FindAllMarkers” function in the “Seurat”
package to identify differentially expressed genes (DEGs)
for further analysis by applying a threshold value of |log-
2FoldChange| > 0.8 and the adjusting P value <0.05, and
then used the “ClusterGVis” R package (https://github.
com/junjunlab/ClusterGVis) for visualization. “ClusterG-
Vis” R package was used to visualize the heatmap of dif-
ferential genes. The “clusterProfiler” R package was used
for Gene Ontology (GO) enrichment analysis and Kyoto
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Encyclopedia of Genes and Genomes (KEGG) enrich-
ment analysis.

Estimation of CAFs score in LUAD

We obtained marker genes for CAFs from a previous
study [30] and evaluated these marker genes using the
single sample gene set enrichment analysis (ssGSEA) to
assess the CAFs in LUAD. In addition, the EPIC algo-
rithm [31] was also utilized in order to assess the amount
of CAFs in patients. Subsequently, K-M curve survival
analysis was used for the prognostic value of CAFs
assessed by different algorithms.

Identification of CAFs-related key genes in LUAD

We used weighted gene co-expression network analy-
sis (WGCNA) to identify key gene expression networks
associated with the CAFs in 3 independent cohorts:
TCGA, GSE31210 and GSE72094. We screened the top
75% genes by of the median absolute deviation (MAD)
for network construction (The MAD method can screen
for genes with high variability that are representative of
the sample’s attributes), After that, we adopted the crite-
ria of the previous study [32] using the standard method
cutreeDynamic function to identify co-expressed gene
modules with a minimum module size of 30 and a merge
height cut of 0.25. The association between modules)
and CAFs scores was assessed by correlation analysis,
p-values <0.05 were considered significant, and modules
highly correlated with CAFs scores were selected for fur-
ther analysis. Subsequently, we intersected CAFs-related
genes obtained from the 3 LUAD bulk-RNA cohorts and
the single cell data (GSE123902) by overlapping genes.
Then, we performed a univariate Cox analysis of these
genes in each of the 3 cohorts to obtain prognostically
relevant key genes. Next, the Tumor Immune Single-cell
Hub 2 (TISCH2, http://tisch.comp-genomics.org/home/)
and the scRNASeqDB database (https://bioinfo.uth.edu/
scrnaseqdb/) were used to validate the expression profiles
of key genes in CAFs. The UALCAN database (https://
ualcan.path.uab.edu/) was used to assess the protein
expression changes of key genes, and the cBioportal data-
base (https://www.cbioportal.org/) was used to analyze
the mutation frequency.

Analysis of copy number variation

GSCALiter is a comprehensive pan-cancer genomic web
server (http://bioinfo.life.hust.edu.cn/web/GSCALite/).
We used GSCALite public server to analyze the copy
number variation (CNV) of GPXs family (GPX1-GPX8)
at the pan-cancer level.
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Determination of TME cell infiltration levels

and immune-related functional enrichment scores

We evaluated the ESTIMATE, immune and stromal
scores of tumor samples in TCGA using the “ESTI-
MATE” method. Tumor purity scores of TCGA-LUAD
patients, 29 TME signature genes, as well as tumor
microenvironmental properties and immune subtypes of
LUAD patients were obtained from previous studies [30,
33]. With the CIBERSORT algorithm, we obtained the
infiltration levels of each of the 22 immune cell types. In
addition, we evaluated the TME-related scores summa-
rized by Zeng et al. [34].

Enrichment analysis for hallmark gene sets

Hallmark gene sets were obtained from the Molecular
Signatures Database (MSigDB, https://www.gsea-msigdb.
org/gsea/msigdb), which were assessed and quantified
using ssGSEA. In addition, the “clusterProfiler” R pack-
age was used for GSEA analysis and “GseaVis” R package
(https://github.com/junjunlab/GseaVis/wiki) was used
for visualization.

Immune checkpoints and tumor immune dysfunction

and exclusion (TIDE) analysis

Correlation analysis was used to calculate the correla-
tion between GPX8 and common immune checkpoints,
which was visualized using the “corrplot” R package. The
TIDE algorithm is mainly based on two mechanisms of
tumor immune evasion: (1) the induction of T-cell dys-
function in tumors with high cytotoxic T-lymphocyte
(CTL) infiltration; (2) the prevention of T-cell infiltra-
tion in tumors with low CTL levels. After uploading
scaled transcriptome expression profiles, TIDE scores
and immunotherapy responses of patients in the LUAD
cohorts were calculated by TIDE website (http://tide.dfci.
harvard.edu).

Tissue immunofluorescence analysis

After paraffin embedding, 5 um sections are deparaffi-
nized, rehydrated, and antigen restored, and the primary
antibody added prior to BSA blocking is treated with
EDTA Antigen Repair Buffer. Sections were incubated
overnight at 4 °C in a wet room, washed, and then the
secondary antibody was dropped into the overlying tis-
sue and incubated at room temperature. Cell nuclei were
restained with DAPI, blocked and photographed. Anti -
a-SMA Rabbit pAb (GB111364-100) was purchased from
Servicebio; Anti — GPX8 Rabbit pAb (GTX125992) was
purchased from GeneTex.

Screening for small molecule drug candidates for GPX8
We performed differential gene analysis on patients
from the TCGA, GSE72094, and GSE31210 datasets
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separately. Firstly, the patients were divided into high and
low groups based on the median value of GPX8 expres-
sion. Next, to identify differentially expressed genes
(DEGs), we utilized the ‘limma’ R package [35] to analyze
the DEGs in different GPX8 groups among the 3 cohorts.
The DEGs were determined using |log2FoldChange| > 1
and adj. p value<0.05 as the criteria, and then we per-
formed an intersection of the DEGs. To identify poten-
tial GPX8 related therapeutic agents, we imported the
final intersected DEGs into the connectivity map (cMAP)
database (https://clue.io/).

Cell trajectory analysis (pseudotime analysis)

We used the “monocle2” package to perform pseudo-
time analysis of fibroblast cell subpopulations [36]. To
explore the differentiation trajectories and related genes
between different states of fibroblast cell subpopulations,
the “plot_cell trajectory” function was used to sort cells
according to their pseudotimes. The “BEAM” function
was used to identify genes responsible for cell branching
and differentiation. The results were visualized using the
“plot_genes_branched_heatmap” function.

Statistical analysis

Wilcoxon rank sum test was utilized to assess statistical
significance between different groups. Kaplan-Meier sur-
vival curves were used to analyze the survival of different
LUAD patients. Pearson or spearman correlation analysis
was used for correlation analysis. Statistical significance
was described as follows: ns (not significant), * p <0.05, **
p<0.01, ** p<0.001.

Results

Cancer-associated fibroblasts are associated with poor
prognosis in lung adenocarcinoma

Figure 1 presents the workflow diagram of the study con-
ducted. In the initial step, we analyzed 17 samples from
the GSE123902 dataset, consisting of 4 normal tissues
and 13 tumor tissues. Subsequently, we screened each
sample to eliminate low-quality data, resulting in the
retention of 38,124 cells for further analysis. Cluster-
ing visualization using the t-SNE method revealed the
distinction of cells into 27 clusters (Fig. 2A). To refine
the annotation, we employed the “SingleR” and manual
annotation, classifying the cells into 10 distinct types
(Fig. 2B). Among them, tumor tissues exhibited a higher
abundance of adaptive response immune cells (T cells, B
cells) relative to immune cell types involved in the innate
immune response (macrophages, NK cells). This result
may attribute to the antigenic heterogeneity in tumor
cells (Fig. 2B). To gain further insight into the genetic
aspects, we constructed a heatmap showcasing the
Top10 differential genes and the Top5 enriched biological
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Fibroblasts are enriched in tumor tissue and are associated with poor prognosis
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pathways for each cell type (Fig. 2C). And it’s worth not-  findings suggest that CAFs are enriched in tumor tissues

ing that we found that more fibroblasts were recruited and contribute to tumor progression.

at the cancer tissue (Fig. 2D, E). Evaluating the extent of

cancer-associated fibroblasts (CAFs) infiltration in the Identification of GPX8 as a key prognostic gene associated

bulk-RNA cohorts, the prognostic analysis revealed that  with CAFs

a higher level of CAFs correlated with decreased survival — Afterward, we identified key prognostic genes associated

time in patients (Fig. 2F) (Supplementary Fig. 1A). These = with cancer-associated fibroblasts (CAFs) using bulk-
RNA data. We performing WGCNA analysis for each of
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the three LUAD cohorts to identify gene co-expression
network modules (Supplementary Fig. 2A, B). We then
estimated the correlation between each module and the
scores indicating CAF infiltration (ssGSEA_CAFs and
EPIC_CAFs. Modules with correlations higher than 0.4
for both scores were selected, indicating a strong rela-
tionship between the module genes and CAF infiltra-
tion. Subsequently, we focused on the genes within these
modules (Fig. 3A). The Upset plots demonstrated the
intersection of module genes across the 3 cohorts and the
single cell data (GSE123902), revealing 78 shared CAFs-
associated genes (Fig. 3B). To identify prognostic genes
among these, we performed univariate Cox analysis in
the 3 bulk-RNA cohorts (Fig. 3C). We then overlapped
the prognostic-related genes from 3 cohorts and screened
for GPX8 and IGFBP3 (Fig. 3D). Correlation analysis
showed that the two CAF scores had a strong correlation
between GPXS8, IGFBP3 and CAFs, with GPX8 showing
a relatively higher correlation score compared to IGFBP3
(Fig. 3E). To further examine the expression localization,
we investigated GPX8 and IGFBP3 expression on fibro-
blasts using single-cell sequencing data. Analysis of the
GSE123902 and GSE153935 datasets demonstrated that
GPX8 exhibited relatively specific and higher expres-
sion on fibroblasts compared to IGFBP3 (Supplementary
Fig. 2C) (Fig. 3F, G). The specific localization of GPX8
on fibroblasts was also confirmed using the TISCH and
scRNAseqDB databases (Supplementary Fig. 2D, E).
Additionally, we assessed the localization of a-SMA (a
biomarker for cancer-associated fibroblasts) and GPX8
through immunofluorescence in LUAD specimens. The
results showed co-localization of a-SMA and GPX8
(Supplementary Fig. 3A). Altogether, the consistent find-
ings support that GPX8 is predominantly expressed in
CAFs to fulfill its biological role.

GPX8 is associated with clinical malignant pathologic
features

We further validated the prognostic role of GPX8 in
6 independent LUAD cohorts. As shown in (Fig. 4A,
B), GPX8 exhibited strong prognostic predictive abil-
ity across different cohorts. Furthermore, the analysis
incorporating clinicopathologic features indicated that
high GPX8 expression correlated with more advanced
clinicopathologic features (Fig. 4C, D). Multivariate Cox

(See figure on next page.)
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analysis confirmed GPX8 as an independent predictor
of overall survival (OS) (HR=1.205, p=0.022) in LUAD
patients (Fig. 4E). GPX8 expression at both mRNA and
protein levels revealed significantly higher expression in
tumor tissues compared to the normal group (Fig. 4F, G).
Analysis of the cBioportal database indicated a mutation
rate of 6% for GPX8 in LUAD (Fig. 4H). Additionally, a
correlation analysis of the GPXs family revealed a sig-
nificant expression correlation between GPX8 and GPX7
across all 3 cohorts (Supplementary Fig. 4A-C). This may
be related to the functions of both enzymes, GPX7 and
GPX8, which are located in the endoplasmic reticulum
and together participate in the oxidative folding of endo-
plasmic reticulum proteins [37].

Copy number variation (CNV) is a class of structural
genomic variation, which is generally considered to be
one of the major factors influencing tumorigenesis and
progression [38]. CNV is mainly classified as copy num-
ber heterozygous amplifications and copy number hete-
rozygous deletions, which can induce aberrant expression
of oncogenes, DNA repair genes, and other genes to
influence tumor formation [39-42]. We analyzed the var-
iation of CNV frequency among GPXs family in pan-can-
cer. We found that the GPXs family had universal CNV
in different cancers and there was significant heterogene-
ity among different cancers. Among them, GPX8 showed
mainly copy number heterozygous amplification in can-
cers such as ACC, LIHC and DLBC; while in cancers
such as LUSC and ESCA, it mainly showed significant
copy number heterozygous deletion. In LUAD, the GPX8
also had frequent CNV. Taken together, these results sug-
gest that genomic instability is largely involved in the
occurrence of functional abnormalities of the GPXs fam-
ily in cancer. (Supplementary Fig. 5A, B).

GPX8 is associated with the formation

of immunosuppressive microenvironment

Tumor microenvironment remodeling is considered
to be one of the key factors affecting patient prognosis
and anticancer therapy. Considering that TCGA-LUAD
patients have abundant information about the proper-
ties of the defined tumor microenvironment, we analyzed
the correlation between GPX8 and the tumor microen-
vironment in the TCGA cohort. We obtained tumor
purity information of TCGA-LUAD patients from a

Fig. 3 GPX8 promotes cancer progression. A Correlation heatmap showing the correlation between EPIC_CAFs and ssGSEA_CAFs with gene
modules in the 3 LUAD cohorts. B Upset plot showing the overlap of fibroblast-associated genes from the 3 LUAD cohorts and the single-cell
data (GSE123902). € Volcano plots were used to visualize the prognostic value of genes. D Venn plots overlapping CAFs-related prognostic genes
of the 3 cohorts. E Heatmap of the correlation of GPX8 and IGFBP3 with CAFs. F Violin plots and scatter plots of GPX8 and IGFBP3 expression

in the GSE123902 dataset. G Violin plots and scatter plots of GPX8 and IGFBP3 expression in the GSE153935 dataset
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previous study and performed correlation analysis with
gene expression of GPX8. The results showed that GPX8
was negatively correlated with tumor purity (R=-0.295,
P<0.001) (Fig. 5A), suggesting that GPX8 was mainly
expressed in non-tumor cells. We then used the ESTI-
MATE method to assess the patients’ immunity score,
stromal score, and ESTIMATE score. Correlation analy-
sis showed positive correlations between the immune
score (R=0.194, P<0.001), stromal score (R=0.415,
P<0.001) and ESTIMATE score (R=0.328, P<0.001) for
GPXS8, with the stromal score having the highest correla-
tion with GPX8 (Fig. 5B).

Heatmaps showed the distribution of 29 known tumor
microenvironmental signatures in relation to GPXS8
expression. As expected, TME signatures such as can-
cer-associated fibroblast, matrix, matrix remodeling,
and EMT signature rose with a gradual rise in GPX8
(Fig. 5C). CIBESORT analysis showed that in the high
GPX8 group, regulatory T cells and activated dendritic
cell infiltration were significantly increased (Fig. 5D).
Among them, regulatory T cells are considered to be one
of the major cell subsets promoting immune response
suppression [43, 44].

Sankey diagram showed that the tumor microenvi-
ronment properties in the high expression GPX8 group
were predominantly C2 immune subtype and F sub-
type predominant (Fig. 5E). Subsequent subgroup com-
parison plots similarly showed that GPX8 expression
was most active in the F subtype as defined by Bagaev
et al. and active in the C1 and C2 subtypes as defined
by Thorsson et al. (Fig. 5F, G). In addition, in the TME
features summarized by Zeng et al. we found that GPX8
was highly correlated with EMT1 and EMT2 (Fig. 5H).
In conclusion, these results suggest that the tumor
microenvironment with active GPX8 expression mainly
exhibits immunosuppressive cell-enriched and fibroblast-
enriched phenotypes as well as an active EMT program
phenotype.

GPX8 is associated with clinical treatment efficacy

Immunotherapy, as a novel anticancer treatment, has
achieved promising results in recent years. However,
the limited number of beneficiary populations and the
specificity of indications have been one of the limitations
preventing its large-scale application [45]. Therefore,

(See figure on next page.)
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identifying effective immunotherapy biomarkers can help
clarify the appropriate population for immunotherapy. In
this study, we investigated the correlation between GPX8
and common immune checkpoints. The correlation heat-
map demonstrated a positive correlation between GPX8
and immune checkpoints across all 3 LUAD cohorts
(Fig. 6A). We further utilized the TIDE algorithm to eval-
uate the degree of immunotherapy response and immune
escape in patients. Interestingly, non-responsive patients
evaluated by the TIDE algorithm exhibited significantly
higher levels of GPX8 expression (Fig. 6B). The correla-
tion scatter plot confirmed a significant positive cor-
relation between GPX8 expression and the TIDE score,
reflecting the level of immune escape (Fig. 6C).

Next, to explore the potential clinical applications of
GPX8, we first compared the differentially expressed
genes between the GPX8 high expression group and the
GPX8 low expression group. The volcano plot displayed
the distribution of differentially expressed genes in the 3
LUAD cohorts (Fig. 6D). Then, we overlapped differential
genes with adj. p value<0.05 and |logFC| > 1, and identi-
fied 24 down-regulated genes and 43 up-regulated genes
shared among the 3 LUAD cohorts (Fig. 6E). Next, we
imported these genes into the cMAP database to search
for drugs that affected the GPX8 expression profile and
visualized the results (Fig. 6F). The most effective drug
in perturbing GPX8 expression was the beta-CCP small
molecule compound. This compound has the potential
to be used as a therapeutic drug targeting GPX8 for the
treatment of lung adenocarcinoma.

Unique transcriptional features of GPX8* CAFs

Next, we extracted fibroblast subgroups from the
GSE123902 dataset and applied clustering analysis.
The results revealed the division of fibroblasts into
five clusters (Fig. 7A), with cluster 3 showing weaker
GPX8 expression compared to other cell subpopula-
tions (Fig. 7B, C). Consequently, we categorized clusters
0, 1, 2, and 4 as GPX8" fibroblasts, while cluster 3 was
classified as the GPX8™ fibroblast subpopulation. The
expression distribution of hallmark gene sets was then
analyzed in the GPX8" and GPX8™ fibroblast. The find-
ings demonstrated significant enrichment of inflamma-
tion-related pathways, including INTERFERON ALPHA
RESPONSE, INTERFERON GAMMA RESPONSE,

Fig. 4 GPX8is associated with adverse clinical outcomes. K-M curves were analyzed for OS (A) and PFS (B) of GPX8 in 6 independent cohorts.

C Heatmap of the distribution of GPX8 with clinicopathologic features. D Comparison plot of GPX8 with different clinical features. E Forest plot

of multivariate cox analysis of GPX8 in combination with other clinicopathologic features. F Differential expression of GPX8 at mRNA level in normal
and tumor tissues in the TCGA cohort. G Differences in protein expression levels of GPX8 in normal and tumor tissues were analyzed using

the ULCAN database. H Mutation profile of GPX8 was analyzed using cBioportal database (***p <0.001; **p <0.01; *p < 0.05; ns. no significance)
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ALLOGRAFT_REJECTION, and TNFA_SIGNALING_
VIA_NF«B, in GPX8" CAFs compared to GPX8~ CAFs
(Fig. 7D). Furthermore, GSEA analysis indicated a sub-
stantial enrichment of differential genes in the GO_BP
pathway of cell adhesion and cell migration (Fig. 7E).
Similar results were observed in another LUAD single-
cell dataset (Supplementary Fig. 6A-E).

To assess the relationship between GPX8" fibroblasts
and prognosis, we selected GPX8™ upregulate genes with
avg_logfoldchange >1, and quantified them in 3 bulk-
RNA cohorts using the ssGSEA method, and examined
their association with prognosis. The results indicated
that high expression of GPX8" CAFs correlated with
poor prognosis in all 3 independent bulk-RNA cohorts
(Fig. 7F). Considering the functional heterogeneity and
poor prognosis of GPX8" CAFs, we performed pseudo-
time analysis to investigate the underlying mechanism
of functional changes. The temporal analysis revealed
that cluster 3 projected to the root (statel), while cluster
0 (state3) and cluster 1 (state2) mainly projected to the
two branches, respectively (Fig. 7G). Notably, GPX8~
CAF was primarily in statel and gradually transitioned
to GPX8" CAF (state2 and state3) (Fig. 7H). In this pro-
cess, GPX8 gene expression also changed with CAF state
(Fig. 71-]). Subsequently, we conducted BEAM analysis
to identify branch-dependent genes. The results showed
that genes such as MMP11 and SDC1 were positively
correlated with the developmental direction of GPX8*
CAFs (Fig. 7K).

Discussion
CAFs, one of the key components of the tumor micro-
environment, are thought to be associated with a higher
risk of immune evasion and a poorer prognosis. To gain
insight into the role of CAFs in the progression mecha-
nism of LUAD and to identify potential therapeutic tar-
gets, we combined single-cell sequencing data analysis
with bulk-RNA sequencing data analysis to reveal the
potential value of GPX8* CAFs as biomarkers for prog-
nosis and indicators of immunotherapy in LUAD.
Imbalanced shaping of the tumor microenvironment
(TME) is a major factor contributing to the poor prog-
nosis of cancer patients. The TME is composed of a vari-
ety of stromal cells, with cancer-associated fibroblasts

(See figure on next page.)
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(CAFs) being the most abundant [10]. CAFs can influence
tumor progression by regulating changes in the composi-
tion of the TME through cell-to-cell contacts, secretion
of regulatory molecules, and extracellular vesicles [46].
In this study, single-cell sequencing data revealed that
CAFs were more enriched in tumor tissues compared to
normal tissues, and survival analyses showed a signifi-
cant correlation between CAFs and poor patient survival
in bulk-RNA data. Similarly, a pan-cancer study by Luo
et al. found that in terms of interactions between TME
components, fibroblasts dominated interactions with
other TME components, with a progressive increase in
the order of normal, neighboring, and tumor samples in
the dimension of single-cell resolution [47]. These results
suggest a possible increased recruitment and generalized
activation of fibroblasts in the TME, which may contrib-
ute to the poor prognosis of cancer.

Subsequently, we identified GPX8 as a CAFs-associated
biomarker based on comprehensive bioinformatics anal-
yses. GPX8 is a localized ER transmembrane protein that
regulates ROS production and clearance in organisms
[19]. Recent studies have shown that GPX8 is associated
with poor prognosis in various cancers, including gastric
cancer, lung cancer, and glioma [23, 25, 48]. In clear cell
renal cell carcinoma, GPX8 regulates NNMT expres-
sion through the IL6-STAT3 signaling axis and inhibits
ccRCC cell survival by blocking this axis through activa-
tion of AMPK [23]. Similarly, in esophageal squamous
carcinoma cells, GPX8 was found to induce the onset
of autophagy and apoptosis by regulating the IRE1/JNK
pathway in tumor cells [49]. These findings collectively
suggest a connection between GPX8 expression in tumor
tissues and cancer progression.

Notably, in a recent study on lung cancer, researchers
discovered that GPX8 expression on cancer-associated
fibroblasts can promote the metastasis of lung cancer
cells [50]. Our findings, corroborated in multiple cohorts,
indicate that in LUAD, GPX8 is primarily localized on
CAFs. Consistent with our expectations, GPX8 was sig-
nificantly associated with reduced survival time and
exhibited a strong predictive effect on prognosis in mul-
tiple independent LUAD cohorts. Even after adjusting
for confounding factors, GPX8 remained an independent
prognostic predictor in lung adenocarcinoma patients.

Fig. 5 Role of GPX8 in the tumor microenvironment. A Correlation scatter plot of GPX8 with tumor purity. B Correlation scatter plot of GPX8

with ESTIMATE score, immune score, and stromal score. C Heatmap of the distribution of 29 TME-associated signatures with GPX8 expression values.
D Relationship between GPX8 expression and the proportion of 22 immune cells infiltrated. E Sankey diagram of TME attributes and immune
subtype attributes of patients in different GPX8 groups. Distribution of GPX8 expression in TME subtypes defined by Bagaev et al. (F) and immune
subtypes defined by Thorsson et al. (G). H Heatmap of different TME-related scores correlating with GPX8 (***p <0.001; **p <0.01; *p <0.05; ns.

no significance)
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These findings suggest that GPX8 has the potential to
serve as a valuable biomarker for LUAD. Furthermore, we
observed that GPXs family members, including GPXS,
commonly exhibit copy number variation (CNV) changes
across various cancers. This suggests that the abnormal

function of these genes in the carcinogenesis process may
be linked to DNA damage. Interestingly, Chu et al. found
in a mouse model that the disruption of GPX1 and GPX2
genes increased the mice’s susceptibility to certain can-
cers [51]. Collectively, these results indicate that genetic
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variants within the GPXs family may contribute to tumor
formation and partly account for the association between
GPX8 and aggressive tumor characteristics.

Regarding tumor microenvironment expression pat-
terns, we observed a significant correlation between
GPX8 and the infiltration of non-tumor cellular compo-
nents. This suggests a higher occurrence of cell-to-cell
signaling crosstalk in TMEs with high GPX8 expression.
Interestingly, apart from the enrichment of cancer-asso-
ciated fibroblasts in GPX8 high expression TMEs, we also
found the active expression of the epithelial-mesenchy-
mal transition (EMT) program. Coincidentally, a study by
Khatib has reported that GPX8 expression is crucial for
maintaining the EMT phenotype in breast cancer cells
[23]. Furthermore, numerous studies have highlighted
the signaling crosstalk between EMT progression and
immune escape. Wang et al. conducted transcriptomic
studies at the pan-cancer level, revealing the existence
of signaling crosstalk between EMT progression and
immune escape [52]. Alsuliman et al. demonstrated an
association between the progression of the EMT pro-
gram and PD-Ll-mediated immune escape in breast
cancer cells [53]. This partly explains the intrinsic link
between GPX8 and the occurrence of immune escape. In
our study, we found that the proportion of Treg cell infil-
tration was upregulated in TME with high GPX8 expres-
sion. Treg cells, as immunosressive T cells, are primarily
responsible for downregulating immune and inflamma-
tory responses and maintaining organismal stability. In
tumors, the recruitment of Treg cells is closely associ-
ated with tumor immune escape [43, 44]. Immune check-
points, as an important part of promoting the occurrence
of immune escape, have entered the field of clinical treat-
ment with a large number of immune checkpoint block-
ers, and combination therapy with immune checkpoint
blockade has become one of the main anticancer thera-
peutic tools in the clinic [54, 55]. Our correlation analy-
sis revealed that GPX8 positively correlates with immune
checkpoints such as PD-L1 and CTLA-4 in several LUAD
cohorts. Furthermore, in the context of immunotherapy,
patients with high GPX8 expression demonstrated a sig-
nificantly lower response rate to immunotherapy com-
pared to those with low GPX8 expression. Collectively,
these findings indicate that GPX8 is associated with the
formation of an immunosuppressive microenvironment
and could represent a potential therapeutic target for
immunotherapy.

To expand the potential clinical applications of GPX8,
we conducted a screening for beta-CCP using the cMAP
database. Previous research has demonstrated that
beta-CCP can antagonize diazepam-induced passive
avoidance disorder [56]. Our study revealed that beta-
CCP exhibited the most significant inhibitory effect on
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GPX8-related expression profiles. These findings suggest
that beta-CCP may be a promising therapeutic agent for
the treatment of LUAD.

Finally, we delved into the potential function of the
GPX8' CAFs subpopulation in LUAD. We observed
that the GPX8" CAFs cell subpopulation displayed a
significantly more active inflammation-related pathway
compared to the GPX8™ CAFs cell subpopulation. Addi-
tionally, the presence of the GPX8" CAFs subpopulation
was strongly associated with poor prognosis. These find-
ings suggest that the GPX8" CAFs subpopulation may
exert its influence on cancer progression by participating
in immune regulation within the tumor microenviron-
ment (TME). It is worth mentioning that Ohlun et al.
categorized CAFs in pancreatic cancer into myofibroblast
and inflammatory fibroblast based on phenotypic and
molecular heterogeneity of CAFs [57]. Among them, the
phenotype of inflammatory CAFs is mainly character-
ized by fibroblasts exhibiting active immunoregulatory
pathways. In bladder uroepithelial carcinoma, enrich-
ment of inflammatory CAFs was significantly associated
with poor patient prognosis [58]. Cell trajectories showed
an upregulation of GPX8 expression in response to
changes in fibroblast activity. We hypothesized that the
upregulation of GPX8 may drive the transition of CAFs
to the inflammatory fibroblast phenotype. However, the
underlying mechanisms still need to be further explored.
Overall, GPX8" CAFs may have an important role in
remodeling TME, and targeting GPX8" CAFs may serve
as a promising novel therapeutic strategy for LUAD.

The study still has several limitations, the data used in
the study are mainly from public datasets, and further
experiments are still needed for exploration and valida-
tion. The lack of large-scale clinical specimens for the val-
idation of the results is also one of the limitations of this
paper. In addition, we will also try to construct an inter-
nal LUAD cohort in the future to validate and explore the
results of the current analysis in depth.

Conclusion

In this study, we identified GPX8 as a key prognostic gene
expressed in CAFs through a series of bioinformatics
analysis. And the high expression of GPX8 was associated
with poor patient survival and the formation of an immu-
nosuppressive microenvironment. Consequently, GPX8*
CAFs holds potential as a therapeutic target for LUAD.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512920-024-01832-8.

[ Supplementary material 1. }



https://doi.org/10.1186/s12920-024-01832-8
https://doi.org/10.1186/s12920-024-01832-8

Bai et al. BMC Medical Genomics (2024) 17:77

Acknowledgements
Not applicable.

Authors’ contributions

DH, YB and JW: conception and design, and study supervision. YB, TH, YD, CL,
LG, YL, JZ, JG: development of methodology, performance of assays, analysis
and interpretation of data, and writing of the manuscript. DH, JW and DG
review of the manuscript.

Funding

This study was sponsored by Youth Fund of Anhui University of Science and
Technology (QNZD202203), Open Research Fund of Anhui Province Engineer-
ing Laboratory of Occupational Health and Safety (AYZJSGCLK202201002),
Scientific Research Foundation for High-level Talents of Anhui University of
Science and Technology (2022y jrc14), National Natural Science Foundation of
China (81971483), Collaborative Innovation Project of Colleges and Universi-
ties of Anhui Province (GXXT-2020-058), Independent Research Fund of Key
Laboratory of Industrial Dust Prevention and Control & Occupational Health
and Safety, Ministry of Education (No. EK20202001), Anhui Province Engineer-
ing Laboratory of Occupational Health and Safety (AYZJSGCLK202201001,
AYZJSGCLK 202202001), Key Laboratory of Industrial Dust Deep Reduction
and Occupational Health and Safety of Anhui Higher Education Institutes
(AYZJSGXLK202202002). The funders had no role in the study design, data col-
lection, analysis, and decision to publish or preparation of the manuscript.

Availability of data and materials

The datasets analyzed during the current study are available in the UCSC web-
site (https://xenabrowser.net/datapages/, TCGA-LUAD) and GEO repository,
(https://www.ncbi.nlm.nih.gov/geo, accession number GSE31210, GSE72094,
GSE30219, GSE50081, GSE19188, GSE123902 and GSE153935).

Declarations

Ethics approval and consent to participate
This study was approved by the medical ethics committee of Anhui University
of Science and Technology (NO.HX-002).

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Key Laboratory of Industrial Dust Prevention and Control & Occupational
Safety and Health of the Ministry of Education, Anhui University of Science
and Technology, Huainan, Anhui, China. 2School of Medicine, Anhui University
of Science and Technology, Huainan, Anhui, China. >Anhui Occupational
Health and Safety Engineering Laboratory, Huainan, Anhui, China. “Key Labo-
ratory of Industrial Dust Deep Reduction and Occupational Health and Safety
of Anhui Higher Education Institute, Huainan, Anhui, China.

Received: 28 November 2023 Accepted: 11 February 2024
Published online: 21 March 2024

References

1. Jones GS, Baldwin DR. Recent advances in the management of lung
cancer. Clin Med (Lond). 2018;18(Suppl 2):41-s6.

2. Barta JA, Powell CA, Wisnivesky JP. Global epidemiology of Lung Cancer.
Ann Glob Health. 2019;85(1):8.

3. Devarakonda S, Masood A, Govindan R. Next-generation sequencing of
lung cancers: lessons learned and future directions. Hematol Oncol Clin
North Am. 2017,31(1):1-12.

4. Kim IA, Hur JY, Kim HJ, Park JH, Hwang JJ, Lee SA, et al. Targeted next-
generation sequencing analysis for recurrence in early-stage lung
adenocarcinoma. Ann Surg Oncol. 2021,28(7):3983-93.

5. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer Statistics. 2021. Cancer J
Clin.2021;71(1):7-33.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Page 16 of 17

Zhao X, Li X, Zhou L, Ni J, Yan W, Ma R, et al. LncRNA HOXA11-AS drives
cisplatin resistance of human LUAD cells via modulating miR-454-3p/
Stat3. Cancer Sci. 2018;109(10):3068-79.

Jin R, Wang X, Zang R, Liu C, Zheng S, Li H, et al. Desmoglein-2 modulates
tumor progression and osimertinib drug resistance through the EGFR/
Src/PAK1 pathway in lung adenocarcinoma. Cancer Lett. 2020;483:46-58.
Xiao Y, Yu D. Tumor microenvironment as a therapeutic target in cancer.
Pharmacol Ther. 2021;221:107753.

Kalluri R, Zeisberg M. Fibroblasts in cancer. Nat Rev Cancer.
2006;6(5):392-401.

. Kalluri R. The biology and function of fibroblasts in cancer. Nat Rev Can-

cer. 2016;16(9):582-98.

. LiuB, LiuT, LiuY, Feng X, Jiang X, Long J, et al. TSG-6 promotes Cancer Cell

aggressiveness in a CD44-Dependent manner and reprograms normal
fibroblasts to create a pro-metastatic microenvironment in Colorectal
Cancer. Int J Biol Sci. 2022;18(4):1677-94.

. WuF,Yang J, Liu J, Wang Y, Mu J, Zeng Q, et al. Signaling pathways in

cancer-associated fibroblasts and targeted therapy for cancer. Signal
Transduct Target Ther. 2021,6(1):218.

. Sahai E, Astsaturov |, Cukierman E, DeNardo DG, Egeblad M, Evans RM,

et al. A framework for advancing our understanding of cancer-associated
fibroblasts. Nat Rev Cancer. 2020;20(3):174-86.

. Fukumura D, Xavier R, Sugiura T, Chen'Y, Park EC, Lu N, et al. Tumor induc-

tion of VEGF promoter activity in stromal cells. Cell. 1998,94(6):715-25.

. KumarV, Donthireddy L, Marvel D, Condamine T, Wang F, Lavilla-Alonso

S, et al. Cancer-Associated fibroblasts neutralize the anti-tumor effect of
CSF1 receptor blockade by inducing PMN-MDSC infiltration of tumors.
Cancer Cell. 2017;32(5):654-668.e5.

. Fearon DT. The carcinoma-associated fibroblast expressing fibroblast acti-

vation protein and escape from immune surveillance. Cancer Immunol
Res. 2014;2(3):187-93.

. Barrett RL, Puré E. Cancer-associated fibroblasts and their influence on

tumor immunity and immunotherapy. Elife. 2020,9:e57243.

. Zhang H, Yue X, Chen Z, Liu C, Wu W, Zhang N, et al. Define cancer-associ-

ated fibroblasts (CAFs) in the tumor microenvironment: new opportuni-
ties in cancer immunotherapy and advances in clinical trials. Mol Cancer.
2023;22(1):159.

Tosatto SCE, Bosello V, Fogolari F, Mauri P, Roveri A, Toppo S, et al.

The catalytic site of glutathione peroxidases. Antioxid Redox Signal.
2008;10(9):1515-26.

Brigelius-Flohé R, Maiorino M. Glutathione peroxidases. Biochim Biophys
Acta. 2013;1830(5):3289-303.

Nguyen VD, Saaranen MJ, Karala A-R, Lappi A-K, Wang L, Raykhel IB, et al.
Two endoplasmic reticulum PDI peroxidases increase the efficiency

of the use of peroxide during disulfide bond formation. J Mol Biol.
2011,406(3):503-15.

Ramming T, Hansen HG, Nagata K, Ellgaard L, Appenzeller-Herzog C. GPx8
peroxidase prevents leakage of H202 from the endoplasmic reticulum.
Free Radic Biol Med. 2014;70:106-16.

Khatib A, Solaimuthu B, Ben Yosef M, Abu Rmaileh A, Tanna M, Oren G,
et al. The glutathione peroxidase 8 (GPX8)/IL-6/STAT3 axis is essential in
maintaining an aggressive breast cancer phenotype. Proc Natl Acad Sci U
S A.2020;117(35):21420-31.

Yang Z-S, Yang Q, Sun X-X, Xiong K, Zhu X-T, Wang Y-C, et al. GPX8 as

a Novel Prognostic factor and potential therapeutic target in primary
glioma. J Immunol Res. 2022;2022:8025055.

Zhang X, Xu H, Zhang Y, Sun C, Li Z, Hu C, et al. Immunohistochemistry
and Bioinformatics identify GPX8 as a potential prognostic biomarker and
target in human gastric Cancer. Front Oncol. 2022;12:878546.

Nguyen TTM, Nguyen TH, Kim HS, Dao TTP, Moon Y, Seo M, et al. GPX8
regulates clear cell renal cell carcinoma tumorigenesis through promot-
ing lipogenesis by NNMT. J Exp Clin Cancer Res. 2023;42(1):42.

Butler A, Hoffman P, Smibert P, Papalexi E, Satija R. Integrating single-cell
transcriptomic data across different conditions, technologies, and spe-
cies. Nat Biotechnol. 2018;36(5):411-20.

Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, et al. Fast,
sensitive and accurate integration of single-cell data with Harmony. Nat
Methods. 2019;16(12):1289-96.

Aran D, Looney AP, Liu L, Wu E, Fong V, Hsu A, et al. Reference-based
analysis of lung single-cell sequencing reveals a transitional profibrotic
macrophage. Nat Immunol. 2019;20(2):163-72.


https://xenabrowser.net/datapages/
https://www.ncbi.nlm.nih.gov/geo

Bai et al. BMC Medical Genomics

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.
43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

(2024) 17:77

Bagaev A, Kotlov N, Nomie K, Svekolkin V, Gafurov A, Isaeva O, et al.
Conserved pan-cancer microenvironment subtypes predict response to
immunotherapy. Cancer Cell. 2021;39(6):845-865.e7.

Racle J, de Jonge K, Baumgaertner P, Speiser DE, Gfeller D. Simultaneous
enumeration of cancer and immune cell types from bulk tumor gene
expression data. Elife. 2017,6:e26476.

Zhang Y, Ma W, Fan W, Ren C, Xu J, Zeng F, et al. Comprehensive transcrip-
tomic characterization reveals core genes and module associated with
immunological changes via 1619 samples of brain glioma. Cell Death Dis.
2021;12(12):1140.

Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang T-H, et al.
The immune landscape of cancer. Immunity. 2018;48(4):812-830.e14.
Zeng D, Li M, Zhou R, Zhang J, Sun H, Shi M, et al. Tumor Microenvi-
ronment characterization in gastric Cancer identifies prognostic and
immunotherapeutically relevant Gene signatures. Cancer Immunol Res.
2019;7(5):737-50.

Ritchie ME, Phipson B, Wu D, Hu'Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray stud-
ies. Nucleic Acids Res. 2015;43(7):e47.

Trapnell C, Cacchiarelli D, Grimsby J, Pokharel P, Li S, Morse M, et al. The
dynamics and regulators of cell fate decisions are revealed by pseu-
dotemporal ordering of single cells. Nat Biotechnol. 2014;32(4):381-6.
Pei J, Pan X, Wei G, Hua Y. Research progress of glutathione peroxidase
family (GPX) in redoxidation. Front Pharmacol. 2023;14:1147414.

Steele CD, Abbasi A, Islam SMA, Bowes AL, Khandekar A, Haase K,

et al. Signatures of copy number alterations in human cancer. Nature.
2022;606(7916):984-91.

Wang X, XuY, Zhang Y, Wang S, Zhang X, Yi X, et al. HRD-MILN: accurately
estimate tumor homologous recombination deficiency status from
targeted panel sequencing data. Front Genet. 2022;13:990244.
Beroukhim R, Mermel CH, Porter D, Wei G, Raychaudhuri S, Donovan J,
et al. The landscape of somatic copy-number alteration across human
cancers. Nature. 2010;463(7283):899-905.

Gao B, Baudis M. Signatures of Discriminative Copy Number aberrations
in 31 Cancer subtypes. Front Genet. 2021;12:654887.

Pan-cancer analysis. Of whole genomes. Nature. 2020;578(7793):82-93.
Tanaka A, Sakaguchi S. Targeting Treg cells in cancer immunotherapy. Eur
JImmunol. 2019;49(8):1140-6.

Tanaka A, Sakaguchi S. Regulatory T cells in cancer immunotherapy. Cell
Res. 2017,27(1):109-18.

O'Donnell JS, Teng MWL, Smyth MJ. Cancer immunoediting and
resistance to T cell-based immunotherapy. Nat Rev Clin Oncol.
2019;16(3):151-67.

Chen X, Song E. Turning foes to friends: targeting cancer-associated
fibroblasts. Nat Rev Drug Discov. 2019;18(2):99-115.

Luo H, Xia X, Huang L-B, An H, Cao M, Kim GD, et al. Pan-cancer
single-cell analysis reveals the heterogeneity and plasticity of cancer-
associated fibroblasts in the tumor microenvironment. Nat Commun.
2022;13(1):6619.

Zhang J, LiuY, Guo Y, Zhao Q. GPX8 promotes migration and invasion by
regulating epithelial characteristics in non-small cell lung cancer. Thorac
Cancer. 2020;11(11):3299-308.

Yin X, Zhang P, Xia N, Wu'S, Liu B, Weng L, et al. GPx8 regulates apoptosis
and autophagy in esophageal squamous cell carcinoma through the
IRE1/JNK pathway. Cell Signal. 2022;93:110307.

Xu Y-L, Yuan L-W, Jiang X-M, Su M-X, Huang M-Y, Chen Y-C et al. Glu-
tathione peroxidase 8 expression on cancer cells and cancer-associated
fibroblasts facilitates lung cancer metastasis. MedComm (2020).
2022;3(3):e152.

Chu F-F, Esworthy RS, Chu PG, Longmate JA, Huycke MM, Wilczynski S,
et al. Bacteria-induced intestinal cancer in mice with disrupted Gpx1 and
Gpx2 genes. Cancer Res. 2004,64(3):962-8.

Wang G, Xu D, Zhang Z, Li X, Shi J, Sun J, et al. The pan-cancer landscape
of crosstalk between epithelial-mesenchymal transition and immune
evasion relevant to prognosis and immunotherapy response. NPJ Precis
Oncol. 2021;5(1):56.

Alsuliman A, Colak D, Al-Harazi O, Fitwi H, Tulbah A, Al-Tweigeri T, et al.
Bidirectional crosstalk between PD-L1 expression and epithelial to mes-
enchymal transition: significance in claudin-low breast cancer cells. Mol
Cancer. 2015;14:149.

54.

55.

56.

57.

58.

Page 17 of 17

Li B, Chan HL, Chen P. Immune Checkpoint inhibitors: basics and chal-
lenges. Curr Med Chem. 2019;26(17):3009-25.

Galluzzi L, Humeau J, Buqué A, Zitvogel L, Kroemer G. Immunostimula-
tion with chemotherapy in the era of immune checkpoint inhibitors. Nat
Rev Clin Oncol. 2020;17(12):725-41.

Nagatani T, Yamamoto T. Antagonism by propyl-beta-carboline-3-car-
boxylate of passive avoidance impairment induced by diazepam. Eur J
Pharmacol. 1991;198(1):109-12.

Ohlund D, Handly-Santana A, Biffi G, Elyada E, Almeida AS, Ponz-Sarvise
M, et al. Distinct populations of inflammatory fibroblasts and myofibro-
blasts in pancreatic cancer. J Exp Med. 2017;214(3):579-96.

Chen Z, Zhou L, Liu L, Hou Y, Xiong M, Yang Y, et al. Single-cell RNA
sequencing highlights the role of inflammatory cancer-associated fibro-
blasts in bladder urothelial carcinoma. Nat Commun. 2020;11(1):5077.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	GPX8+ cancer-associated fibroblast, as a cancer-promoting factor in lung adenocarcinoma, is related to the immunosuppressive microenvironment
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Data downloading and preprocessing
	Cellular annotation, differential gene, and functional enrichment analysis
	Estimation of CAFs score in LUAD
	Identification of CAFs-related key genes in LUAD
	Analysis of copy number variation
	Determination of TME cell infiltration levels and immune-related functional enrichment scores
	Enrichment analysis for hallmark gene sets
	Immune checkpoints and tumor immune dysfunction and exclusion (TIDE) analysis
	Tissue immunofluorescence analysis
	Screening for small molecule drug candidates for GPX8
	Cell trajectory analysis (pseudotime analysis)
	Statistical analysis

	Results
	Cancer-associated fibroblasts are associated with poor prognosis in lung adenocarcinoma
	Identification of GPX8 as a key prognostic gene associated with CAFs
	GPX8 is associated with clinical malignant pathologic features
	GPX8 is associated with the formation of immunosuppressive microenvironment
	GPX8 is associated with clinical treatment efficacy
	Unique transcriptional features of GPX8+ CAFs

	Discussion
	Conclusion
	Acknowledgements
	References


