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Abstract

Background: Lung adenocarcinoma ranks as the second most widespread form of cancer globally,
accompanied by a significant mortality rate. Several studies have shown that T cell exhaustion is associated with
immunotherapy of tumours. Consequently, it is essential to comprehend the possible impact of T cell
exhaustion on the tumor microenvironment. The purpose of this research was to create a TEX-based model
that would use single-cell RNA-seq (scRNA-seq) and bulk-RNA sequencing to explore new possibilities for
assessing the prognosis and immunotherapeutic response of LUAD patients.

Methods: RNA-seq data from LUAD patients was downloaded from the Cancer Genome Atlas (TCGA)
database and the National Center for Biotechnology Information (GEO). 10X scRNA sequencing data, as
reported by Bischoff P et al., was utilized for down-sampling clustering and subgroup identification using TSNE.
TEX-associated genes were identified through gene set variance analysis (GSVA) and weighted gene correlation
network analysis (WGCNA). We utilized LASSO-Cox analysis to establish predicted TEX features. External
validation was conducted in GSE31210 and GSE30219 cohorts. Immunotherapeutic response was assessed in
IMvigor210, GSE78220, GSE35640 and GSE100797 cohorts. Furthermore, we investigated differences in
mutational profiles and immune microenvironment between various risk groups. We then screened TEXRS
key regulatory genes using ROC diagnostic curves and KM survival curves. Finally, we verified the differential
expression of key regulatory genes through RT-qPCR.

Results: Nine TEX genes were identified as highly predictive of LUAD prognosis and strongly correlated with
disease outcome. Univariate and multivariate analysis revealed that patients in the low-risk group had
significantly better overall survival rates compared with those in the high-risk group, highlighting the model's
ability to independently predict LUAD prognosis. Our analysis revealed significant variation in the biological
function, mutational landscape, and immune cell infiltration within the tumor microenvironment of both
high-risk and low-risk groups. Additionally, immunotherapy was found to have a significant impact on both
groups, indicating strong predictive efficacy of the model.

Conclusions: The TEX model showed good predictive performance and provided a new perspective for
evaluating the efficacy of preimmunization, which provides a new strategy for the future treatment of lung
adenocarcinoma.

Keywords: Lung adenocarcinoma, T-cell exhaustion, Single-cell RNA-seq, Prognosis, Inmunotherapy efficacy.
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Introduction

Non-small cell lung cancer (NSCLC) accounts for
85% of all lung cancer cases, making it one of the most
fatal cancers globally [1]. Approximately 40% of all
lung cancer cases are caused by lung adenocarcinoma
(LUAD) [2]. In the majority of cases, tumors are found
to be locally advanced or metastatic disease. Although
there have been significant advances in combination
treatment strategies for LUAD, the average 5-year
survival rate for LUAD is approximately 15% [3]. In
the last few years, immunotherapies that focus on
immune checkpoints have been demonstrated to
enhance the chances of survival in advanced
non-small cell lung cancer (NSCLC), yet only a
portion of patients exhibit a positive response to them
[4]. By recognizing potential prognostic biomarkers, it
is possible to precisely categorize patients and
determine those who are positively impacted by
treatment. In recent years, there has been an increase
in the number of studies using single-cell-seq and
bulk-RNA-seq data to explore potential prognostic
markers of LUAD, which has improved our
understanding of tumorigenesis and progression. For
example, Wang et al. identified arginine-substituted
succinate-related genes [5]; Song et al. developed an
NK cell-based model to predict overall survival (OS)
in patients with LUAD [6]. However, LUAD has
molecular heterogeneity and diverse tumor
microenvironment (TME) compositions, making it
difficult to fully reflect the heterogeneous TME and
thus predict immunotherapy efficacy [7, 8]. Therefore,
it is necessary to develop predictive models and
identify new biomarkers to predict prognosis and
treatment efficacy.

A potential factor contributing to the low
response rate in immunotherapy for lung
adenocarcinoma could be T-cell exhaustion (TEX). An
increasing number of studies indicate that the tumor
microenvironment (TME) has a significant impact on
the progression of cancer and the development of
antitumor treatments, potentially contributing to
resistance to immunotherapy [9]. This is because
exhaustion of CD8+ T cells (TEX), which leads to
reduced function, is often associated with cancer
immune escape [10]. In cancer patients, T cells are
constantly stimulated by prolonged exposure to
persistent antigens and inflammation. Inactive T cells
gradually lose their effector function and begin to lose
the characteristics of memory T cells, a process known
as T-cell exhaustion [11-13]. T-cell exhaustion is
considered a significant contributor to immune
dysfunction in cancer patients. Several recent studies
have indicated that inhibition of co-receptors on the
surface of exhausted CD8+ T cells (CD8+Tex),
including programmed death receptor 1 (PD-1), can

lead to the rekindling of T cell cytolysis [14, 15]. T cells
have the potential to reactivate T cell cytolysis.
Therefore, it is imperative that we focus on
Tumour-Expressed X-linked proteins (TEX) and
consider the reversal of TEX as a crucial factor in
enhancing the objective remission rate of cancers
during immunotherapy.

The objective of the study was to discover
prognostic indicators of LUAD, which could predict
the effectiveness of conventional therapies and
suggest potential immunotherapies. TEX genes in
LUAD were pinpointed through the use of single-cell
RNA sequencing (scRNA-seq) datasets. A TEX
prediction model (TEXRS) was developed in this
example. Furthermore, the immunological features of
the population defined by TEXRS are discussed.
Finally, it has been determined that TEXRS is capable
of effectively predicting the outcome and success of
immunotherapy in LUAD patients. The analysis
conducted has indicated that TEXRS showcases great
potential as a prognostic model.

Materials and methods

Data collection and processing

Gene expression and clinical data were retrieved
from TCGA (https://portal.gdc.cancer.gov/) and
GEO databases (https://www.ncbi.nlm.nih.gov/).
Initial normalization and log2 conversion of the
original data were carried out with the Million
Transcripts (TPM) method. This study utilised three
distinct cohorts, with the TCGA-LUAD cohort
employed as the training dataset and the GSE31210
(n=226) and GSE30219 (n=278) cohorts serving as
validation datasets. The sample inclusion criteria for
TCGA were 01A (Primary Tumor) type samples
containing complete survival information. TEX-
related genes were extracted from Zhang et al's
article "Pan-cancer landscape of T-cell exhaustion
heterogeneity ~within the tumor". The study
uncovered a gradual breakdown of hierarchical
function correlated with prognosis and treatment
effectiveness within the tumor microenvironment [16]
(Supplementary Table 1).

Processing of single-cell data

The dataset for scRNA-seq regarding lung
adenocarcinoma was obtained from the article
"Single-cell RNA sequencing reverses distinct tumor
microenvironmental patterns in lung adeno
carcinoma"[17]. First, we used the "Seurat" R package
to convert 10 x scRNA-seq data into Seurat objects
and excluded cells of substandard quality and
performed quality control (QC) by calculating the
percentage of mitochondrial or ribosomal genes [18].
We then identified highly variable genes for
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subsequent analysis. "Harmony" was used by us to
remove batch effects. We constructed cell clusters
using the '"FindClusters" and "FindNeighbors"
functions and visualized them using the "t-SNE"
method. visualization using the "t-SNE" method.
Finally, we performed cellular annotation based on
marker genes for different cell types. the
"AddModuleScore" function built into the Seurat
package was used to quantify the activity of a specific
set of genes in each cell. To analyze the differentially
expressed genes (DEGs) between the two groups, we
used the "FindMarkers" function in the Seurat
package. Statistical significance of differentially
expressed genes (DEGs) was calculated using the
Wilcoxon test (p.adj < 0.05), and other parameters
were set to default values. Genes differentially
expressed between cells with high and low TEX scores
at the single-cell transcriptome level were considered
to be involved in TEX. these genes were subsequently
included in the overall transcriptome level analysis of
WGCNA. We also used the R package "CellChat"[19]
to perform cell interaction analysis.

Table 1. TCGA-LUAD Clinical characteristics.

Characteristics ~ High Risk Low Risk Overall P-value
(N=250) (N=250) (N=500)

Age

<=65 132 (52.8%) 115 (46.0%) 247 (49.4%) 0.315

>65 118 (47.2%) 135 (54.0%) 253 (50.6%)

Gender

Male 128 (51.2%) 102 (40.8%) 230 (46.0%)  0.025

Female 122 (51.2%) 148 (40.8%) 270 (54.0%)

Stage

I 106 (42.4%) 162 (64.8%) 268 (53.6%)  <0.001

I 70 (28.0%) 49 (19.6%) 119 (23.8%)

I 55 (22.0%) 25 (10.0%) 80 (16.0%)

v 15 (6.0%) 10 (4.0%) 25 (5.0%)

Unknown 4 (1.6%) 4 (1.6%) 8 (1.6%)

T stage

T1 61 (24.4%) 106 (42.4%) 167 (33.4%)  0.00608

T2 147 (58.8%) 120 (48.0%) 267 (53.4%)

T3 28 (11.2%) 17 (6.8%) 45 (9.0%)

T4 13 (5.2%) 5(2.0%) 18 (3.6%)

X 1(0.4%) 2(0.8%) 3 (0.6%)

N stage

NO 140 (56.0%) 184 (73.6%) 324 (64.8%)  0.00175

N1 57 (22.8%) 37 (14.8%) 94 (18.8%)

N2 49 (19.6%) 20 (8.0%) 69 (13.8%)

N3 1(0.4%) 1(0.4%) 2 (0.4%)

Unknown 3 (1.2%) 8 (3.2%) 11 (2.2%)

M stage

MO 173 (69.2%) 159 (63.6%) 332 (66.4%) 0.301

M1 15 (6.0%) 9 (3.6%) 24 (4.8%)

Unknown 62 (24.8%) 82 (32.8%) 144 (28.8%)

WGCNA identifies key modules

WGCNA  (Weighted Correlation Network
Analysis) is a systems biology approach for
identifying patterns of genetic relationships between
samples. WGCNA can be used to find highly
synergistic genomes and to search for potential

biomarker genes or therapeutic targets based on the
endogenous nature of the genome and the linkage
between the genome and the phenotype [20].
WGCNA can be used to search for highly synergistic
genomes and to find potential biomarker genes or
therapeutic targets based on their endogenous nature
and the association between genome and phenotype.

Risk prediction model construction and
validation

LASSO regression analysis of training set data
was performed using the R package "glmnet to obtain
the best results. Multiple regression Cox analysis was
performed on 9 TEX-related genes. We then
calculated each patient's risk score. The formula was
as follows: Risk score = 0.107*CCL20 + -0.087 * GDF15
+-0.063 * BTG2 + -0.069 * METTL7A + -0.144 * PERP+
-0.229 * CTLA4+ 0.22 * KRT18 + 0.162 * KYNU + -0.059
* PRKCH. Kaplan-Meier survival analyses were
carried out and the working characteristic curve of the
subject were established. To test the predictive power
of the model, we evaluated its prognosis, sensitivity
and specificity in the experimental group. We then
validated it in the GSE31210 and GSE30219 cohorts
based on a risk score formula.

Independent prognostic analysis and column
chart construction

Univariate and multivariate Cox regression
analyses were conducted to test if TEX characteristics
can function as independent predictors among
patients with LUAD. The "rms" R package was used
to generate column charts, predicting 1-, 3-, and
5-year OS among clinical patients according to age,
grade, gender, stage, T-stage, and risk score. The
calibration study verified the precision of the column
chart predictions.

Single-sample genome enrichment analysis
(ssGSEA) and genome enrichment analysis
(GSEA)

ssGSEA is a widely used method to quantify the
enrichment score for a specific set of genes in a single
sample. The ssGSEA score for each sample reflects the
extent to which a particular gene set is systematically
up- or down-regulated in the sample. In this study,
GSVA was used [21] ssGSEA in this study to obtain a
TEX score for each TCGA-LUAD sample. The
HALLMARK and KEGG pathways were also
analyzed using the "ClusterProfiler" R package [22].
Using the '"c2.cp.kegg.v7.4.symbols.gmt" and
"h.all.v2023.2.Hs.symbols" gene sets in MSigDB, the
GSVA and GSEA algorithms were used to
"c2.cp.kegg.v7.4.symbols.gmt" and "h.all.v2023.2.
Hs.symbols" were analysed for differences in
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enrichment pathways between risk groups.

Analysis of genomic variation among TEXRS
risk subgroups

Mutation with built-in tumor heterogeneity
(MATH) is a method to quantify intra-tumor
heterogeneity (ITH) based on the distribution of
mutant alleles. The prognostic significance of MATH
has been investigated in a wide variety of tumors,
including head and neck, colorectal, and breast
cancers [23-26]. In this investigation, the MATH score
was computed for every LUAD patient using the
previously specified method, and survival analysis
was carried out according to their MATH scores. We
generated waterfall plots to display mutations in both
high- and low-risk groups of LUAD patients with
TEXRS by leveraging the R package "maftools".
Additionally, we computed the TMB score for each
patient diagnosed with LUAD and examined the link
between TMB, survival analysis, and high and
low-risk groups.

Correlation analysis of the TEX model with
the immune microenvironment

To estimate the immunity score, stroma score
and 22 different types of immune infiltrating cells, the
R packages "ESTIMATE" and "CIBERSORT" were
used [27, 28]. Single sample immune cell infiltration
scores were also quantified using single sample gene
set enrichment analysis (ssGSEA) based on the R
package GSVA. Finally we compared the mRNA
expression levels of immune checkpoint inhibitory
molecules. TIDE was used to predict tumor
immunotherapy effects [29], TIDE score data were
obtained from the TIDE website (http://tide.dfci.
harvard.edu/).

Immunotherapy prediction and chemo-
sensitivity analysis

We collected three GEO immunotherapy cohorts
(GSE78220[30] GSE35640[31] and GSE100797[32]),
along with the IMvigor210 cohort, to investigate the
relationship between TEX characteristics and
immunotherapy. Data processing was carried out
using the "IMvigor210CoreBiologies" R package from
the IMvigor210 cohort [33]. We wused the
"IMvigor210CoreBiologies" R package from the
IMvigor210 cohort to process data. Furthermore, to
establish the immunogenicity based on immuno-
modulators, immunosuppressive cells, MHC
molecules, and effector cells, we utilised the
Immunophenoscore (IPS) algorithm. This algorithm
calculates the IPS score using the impartial gene
expression of a representative cell type through a
machine-learning methodology. A higher IPS score
indicates an improved response to immunotherapy.

IPS scores for patient samples of TCGA-LUAD were
acquired from The Cancer Immunome Atlas (TCIA)
database (https:/ /tcia.at/home).

Cell line culture and qRT-PCR

All cells were cultured at 37°C in an incubator
with 5% CO2 atmosphere. Normal human lung cell
line 2B, lung adenocarcinoma cells H1299 and A549
were obtained from the Chinese Academy of Sciences
(Shanghai, China). Cell culture media, plates and
dishes were from Thermo Fisher Scientific
(Invitrogen, USA) and Corning Inc. 2B cells, H1299
cells and A549 cells were detached and inoculated
into 60 mm dishes overnight at an initial density of
1 x 106 cells/well. Subsequently, SYBR Green qPCR
mix (Vazyme, China) was used to synthesize cDNA
for real-time PCR. Our results were analyzed using
the comparative Ct method and the Ct values of each
gene were normalized by the Ct reads of the
corresponding GAPDH. All data are expressed as
mean T standard deviation (SD) of three independent
experiments, and primer sequences are shown
(Supplementary Table 2).

Statistical analysis

All statistical analyses were performed using R
software (version 4.0.2). Wilcoxon test was used to
compare the differences between groups. The
log-rank test was used to compare Kaplan-Meier
survival curves. Univariate and multivariate Cox
analyses were performed to establish independent
prognostic factors. All P values were two-sided and
less than 0.05% were considered statistically
significant. All P values were two-sided and less than
0.05 were considered statistically significant.

Results

Identification of TEX-related genes from
single-cell transcriptomes

After filtering data from Philip Bischoff et al, we
used six single-cell datasets and 27,066 cells. A total of
18 distinct cell subsets were identified by TSNE
analysis (Supplementary Figure 1A). We annotated
these 18 cell subpopulations and identified 7 cell
types, including macrophages, epithelial cells,
endothelial cells, CD4 T cells, CD8 T cells, mast cells,
and B cells (Figure 1A). To quantify the activity of T
cell failure in different cell types, we used the
AddModeleScore function in the Seurat software
package to calculate the expression levels of T cell
failure-associated gene sets in all cells (Figure 1C).
Among the seven cell types, we observed a significant
increase in TEX activity in endothelial cells, CD8 T
cells and CDAT cells (Figure 1B). Based on the TEX
activity, we divided the cells into high TEX and high
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and low TEX groups and identified two groups of
2063 differentially-expressed genes (DEGs) for further
analysis (Supplementary Table 3). The heatmap show
the top four marker genes for each cell population
(Figure 1D). We investigated cellular communication
networks by calculating communication probabilities
(Figure 1E, Supplementary Figure 1B). In addition, we
inferred that cell-to-cell communication networks are
based on specific pathways and ligand receptors. We

found that the MHC-II signaling pathway plays a
critical role in CDAT cell communication networks
(Figure 1F). The immune system largely recognizes
tumor cells complexity through the major
histocompatibility complex (MHC). High expression
of MHC-II in tumors is key to T lymphocyte antigen
presentation, and the role of CD4+ T lymphocytes in
antitumor immunity is gaining traction [18].
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Identification of TEX-related genes in the
bulk-RNA-seq transcriptome

The ssGSEA analysis was used to obtain TEX
activity scores for each TCGA-LUAD sample, which
served as the phenotypic data for the subsequent
WGCNA analysis. Modules significantly correlated
with TEX scores were identified by performing
WGCNA analysis on the TCGA-LUAD dataset.
Following the elimination of outlier samples, a
co-expression network was developed utilising the

2063 DEGs identified at the single-cell-seq level
(Figure 2A). To guarantee that the topological
network conformed to the scale-free principle, we
selected the optimal soft threshold for power = 4
(Supplementary Figure 1C). We acquired 5 modules
by defining the minimum module gene count as 60
and medissres as 0.25 (Figure 2B). Our findings reveal
that the MEbrown modules were significantly
correlated with TEX scores in bulk-RNA-seq (cor =
0.81, Figure 2C). Furthermore, a correlation analysis
was conducted on gene significance (GS) and module
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membership (MM) for the brown module, revealing a
significant correlation (cor = 0.95, p = 5e-181, Figure
2D). This implies that the brown module's genes
might have functional significance related to T-cell
exhaustion. Additionally, the volcano plot (Figure 2E)
illustrates the differentially expressed genes (DEGs)
between tumor and normal lung tissues in
TCGA-LUAD bulk-RNA-seq dataset (|logFC|>1 and
p-d adj < 0.05). We identified and selected 66 genes,
which we named T-cell exhaustion-related genes
(TEXRgenes), from the 356 genes in the brown
module that were analyzed in combination with
DEGs from bulk RNA sequencing (Figure 2F). Our
analysis suggests that these TEXRgenes are involved
in T-cell exhaustion (TEX) at both bulk-RNA-seq and
single-cell transcriptome levels. This was also
confirmed by GO enrichment analysis of TEXRgenes
(Supplementary Figure 1D).

TEX modeling and external validation

To exclude co-expressed TEX genes and avoid
overfitting, we constructed a predictive prognostic
model consisting of TEX genes by lasso regression
analysis. They were CCL20, CTLA4, KYNU, KRT18,
PRKCH, PERP, BTG2, METTL7A, and GDF15 (Figure
3A, B). A linear prediction model was developed
based on the weighted regression coefficients of the
nine prognostically relevant TEXs, which were
calculated as follows: risk score = (0.107*CCL20+
-0.087*GDF15+-0.063*BTG2+0.069*METTL7 A+0.144*
PERP+0.229*CTLA4+0.22*KRT18+0.162*KYNU+-0.05
9*PRKCH). To demonstrate the stability and reliable
generalization of our model, the TCGA-LUAD cohort
was used as the internal training set, and the
GSE31210 and GSE30219 cohorts were used as the
external validation cohorts. Based on the same risk
formula, risk scores were calculated for each sample
in the TCGA training cohort and the GEO validation
cohort, respectively, and we could find that when the
risk of patients with LUAD was elevated in both
cohorts, the patients exhibited a survival
disadvantage of reduced OS and increased mortality
(Figure 3G-I). Based on the median risk score, we
could divide the patients into two subgroups, HR
(High Risk) and LR (Low Risk), to explore the
prognostic differences between the HR and LR
groups. The Kaplan-Meier curves showed significant
prognostic differences between HR and LR patients in
each of the two cohorts, with a more pronounced
survival advantage for the patients in the LR group
(Figure 3D-F). The ROC curves were used as a
predictor of the patient's survival at 1, 3, and 5 year
time, with AUCs of 0.7, 0.7, and 0.69 for the
TCGA-LUAD cohort, respectively. The AUCs of 0.74,
0.7, and 0.75 for the GSE31210 cohort and 0.73, 0.73,

and 0.66 for the GSE30219 cohort (Figure 3J-L)
indicated that the model had a good predictive effect.
In addition, we obtained clinical information for the
HR and LRgroups (Table 1).

Creation of column line diagrams based on
TEX model combined with clinical features

Risk scores and clinical metrics were combined
to develop column-line plots as predictors of 1-, 3-,
and 5-year prognostic survival probabilities (Figure
4A). Subsequently, calibration curve analysis
displayed patients' 1-, 3-, and 5-year OS prediction
curves to be closely similar to the ideal 45-degree
calibration line, thus indicating the column charts'
stability to be excellent (Figure 4B). The TCGA cohort
was subjected to a TimeROC analysis, which revealed
that the AUCs of the column charts and risk scores
surpassed the other metrics (Figure 4C). Nomogram
and risk score showed better predictive efficacy
compared to other «clinical -characteristics, as
demonstrated by the Decision Curve Analysis (DCA)
(Figure 4D). To assess the reliability and clinical value
of biometric features constructed using TEX as
prognostic predictors, we compared the risk scores of
every LUAD patient with two standard clinical
measures. Subsequently, we observed the correlation
between each factor and the patient's prognosis
through consecutive univariate and prediction
analyses, employing multivariate Cox analysis. Upon
analysing the results, it becomes apparent that
staging, T-staging and risk score (P < 0.001) are all
prognostic factors that have a statistically significant
association with patient prognosis in the univariate
cox analysis (Figure 4E). Nevertheless, following
multivariate cox analysis, only the risk score (P <
0.001) retains significant association (Figure 4F). These
findings indicate that our TEX model is a more
effective and impactful clinical decision-making tool,
better suited to predicting the prognosis of LUAD
patients in clinical settings.

Clinical Relevance and Survival Analysis of
TEX in LUAD Patients

Due to the notable divergence in individual
clinical characteristics of overall survival (OS)
between the high risk (HR) and low risk (LR) groups,
we have classified LUAD patients into five distinct
subgroups based on clinical traits. These subgroups
comprise age, pathological stage (I-II and II-IV),
gender (female and male), pathological M-stage
(MO0-1), N-stage (NO-N1), and T-stage (T1-2 and T3-4).
This categorization aims to attain a more accurate and
specific analysis of potential disparities and
similarities between these groups. It is worth noting
that LR patients exhibited a notable advantage in
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terms of longer survival time compared to HR
patients in all subgroups (as shown in Figure 5A-G

and Supplementary Figure 2A-H). Our analysis of the
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Gene set enrichment analysis

GSEA was used to identify KEGG gene sets
enriched in both TEXRS groups. The GSEA plot
shows only the first 5 routes. The gene set of the low
TEXRS group was enriched for immune-related
pathways such as T Cell Receptor Signaling Pathway,
Intestinual Immune Network For IGA Production, etc.
whereas the gene set of the high TEXRS group was

enriched for cell cycle- and cancer-related pathways
(Figure 6A, B). GSVA analyzed the differentially
enriched HALLMARK pathways between the two
groups (Figure 6C). The results showed that the
high-risk group was predominantly enriched to
oncogenic pathways, whereas the low-risk group was
predominantly enriched to immune-related path-
ways. Differential analysis of the high- and low-risk
groups showed that the differential genes were
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mainly enriched to the cell cycle, p53 signaling
pathway, etc. (Figure 6D). These findings were further
supported by correlation analysis between TEXRS
and hallmarks pathway scores (Figure 6E), suggesting
that TEXRS is closely associated with cancer-related
biological processes and metabolic pathways.

Mutations in genes associated with TEXRS
between low and high-risk groups

Intra-tumor heterogeneity (ITH) is a well-known
genomic feature of cancer caused by mutation [34]
accumulation resulting in cancer. ITH has been shown
to be associated with malignancy and increased
resistance to chemotherapy [35]. In this study, we
measured ITH in LUAD patients using the Mutant
Allele Tumor Heterogeneity (MATH) algorithm;
higher MATH scores were associated with higher
ITH. The MATH score was higher in the high-risk
group of LUAD patients (Figure 7A). We further

A Patients with Age B

Patients with Gender C

explored the relationship between ITH and risk scores
of LUAD patients, Spearman correlation analysis was
performed in this study, and a significant positive
correlation was found between risk scores and
MATHscore, suggesting that the combination of these
two metrics can better assess the prognosis of LUAD
patients (Figure 7B). In addition, the TMB analysis of
the HR and LR groups showed a significant difference
between the two, with a higher TMB in the HR group
(Figure 7C). There was also a significant positive
correlation between risk score and TMB (Figure 7D). It
is well known that genetic mutation is a condition for
tumorigenesis. In the TCGA database, we visualized
and correlated the somatic mutation data based on
TEX signatures combined with HR and LR groups.
The three genes with the highest mutation frequencies
in the HR group were TP53 (56%), TIN (51%), and
MUC16 (44%) (Figure 7E, F).

Patients with MO-1

Survival probability
Survival probability

p<0.0001"-4--
' '] =

1
p<0.0001~ "1

Survival probability

" ] -
p<0.0001° -~
,,,,,,,,,,,, / :

é‘ in 244 15 3 2 1] %”" 1250 19 3 2 0 %‘ ih{ 188 16 2 1 0
& Lowd 246 30 6 1 0 @ lowq 250 33 6 1 0 & Low] 168 24 3 1 0
] 5 10 15 20 ] 5 10 15 20 0 5 10 15 2
Time Time Time
D Patients with NO-1 E Patients with Stagel-Il F Patients with T1-2

Survival probability
Survival probability

Survival probability

s
p <0.0001
:

High 4 208 17 2 2 0
Low1 226 33 6 1 0

?.‘u 197 16 3 i 0 gw 176 13
G Low] 221 32 6 1 0 G Low] 211 32
] H 10 15 20 ] H
Time
G Patients with T3-4

Survival probability

£
®

Group

15 20 0 5 10 15 20

Figure 5. Clinical relevance and survival analysis of TEX in LUAD patients. (A) Age. (B) Gender. (C) Pathologic M-staging. (D) N-staging. (E) Total staging (I-1l). (F) T-staging

(T1-2). (G) T-staging (T3-4).

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15

2170

°
3

NES Pvalue Ajusted Pvalue
244 <0001 <0001
248 <0001 <0001
176 <0001 <0001 Term Name
256 <0001 <0001
<0001

o
@

— CellCycle
— Dna Replication

— P53 Signaling Pathway
— Proteasome

o
=

)
N

Running Enrichment Score

o
°

[T T E=—LLLL =
T e L — 11 190
e s o I T T

[T
[ T e— —

Rank in Ordered Dataset

C HALLMARK_GLYCOLYSIS
HALLMARK_MTORC1_SIGNALING
HALLMARK_MYC_TARGETS_V1
HALLMARK_MYC_TARGETS_V2
HALLMARK_G2M_CHECKPOINT
HALLMARK_E2F_TARGETS
HALLMARK_UNFOLDED_PROTEIN_RESPONSE
HALLMARK_DNA_REPAIR
HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY
HALLMARK_SPERMATOGENESIS
HALLMARK_MITOTIC_SPINDLE
HALLMARK_HYPOXIA
HALLMARK_OXIDATIVE_PHOSPHORYLATION
HALLMARK_APICAL_SURFACE
HALLMARK_ESTROGEN_RESPONSE_LATE
HALLMARK_PI3K_AKT_MTOR_SIGNALING
HALLMARK_CHOLESTEROL_HOMEOSTASIS
HALLMARK_XENOBIOTIC_METABOLISM
HALLMARK_UV_RESPONSE_UP
HALLMARK_ESTROGEN_RESPONSE_EARLY
ALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
HALLMARK_PROTEIN_SECRETION
HALLMARK_WNT_BETA_CATENIN_SIGNALING
HALLMARK_ADIPOGENESIS
HALLMARK_FATTY_ACID_METABOLISM
HALLMARK_TNFA_SIGNALING_VIA_NFKB
HALLMARK_PEROXISOME
HALLMARK_TGF_BETA_SIGNALING
HALLMARK_ANGIOGENESIS
HALLMARK_COAGULATION
HALLMARK_P53_PATHWAY
HALLMARK_COMPLEMENT
HALLMARK_APICAL_JUNCTION
HALLMARK_INTERFERON_ALPHA_RESPONSE
HALLMARK_APOPTOSIS
HALLMARK_INFLAMMATORY_RESPONSE
HALLMARK_PANCREAS_BETA_CELLS
HALLMARK_INTERFERON_GAMMA_RESPONSE
HALLMARK_ANDROGEN_RESPONSE
HALLMARK_KRAS_SIGNALING_UP
HALLMARK_HEDGEHOG_SIGNALING
HALLMARK_NOTCH_SIGNALING
HALLMARK_KRAS_SIGNALING_DN
HALLMARK_UV_RESPONSE_DN
HALLMARK_IL6_JAK_STAT3_SIGNALING
HALLMARK_IL2_STAT5_SIGNALING
HALLMARK_MYOGENESIS
HALLMARK_ALLOGRAFT_REJECTION
HALLMARK_HEME_METABOLISM
HALLMARK_BILE_ACID_METABOLISM

IIIIII||||‘|||||
Ul

l“““nnnnn

SRS —mmmmmmmm == = 224 <0001 <0001

— Pentose Phosphate Pathway

0 5 10
t value of GSVA score,high-risk versus low-risk

'
]

NES  Pvalue  Ajusted Pvalue

-200 <0001 <0001

-159 <0.001 <0001 Term Name
2 164 <0001 <0001 __ Intestinal Immune Network For Iga
Production

<0001 <0001

— Primary Immunodeficiency

__ Natural Killer Cell Mediated
Cytotoxicity

— T Cell Receptor Signaling Pathway

— Cytokine Cytokine Receptor Interaction

Rank in Ordered Dataset
NI
. ’ " -\
- o . 4
o ¥ -

» o,
N %
-

1 hsa04115p53 signaing patway

1L2_STATS SIONAL
BLEACD MENBOUS@BTE
PEROKSOML ¢ €
ALLOGRAFT REJECTION r”
SPERMATOGENESH
KRAS. SIGNALIG U
KRAS. SIGHALY

Figure 6. Gene set enrichment analysis. (A) KEGG gene set enriched in the high TEXRS group. (B) KEGG gene set enriched in the low TEXRS group. (C) Differences in
HALLMARK pathway activity between high and low risk groups for GSVA scores. (D) Circle plot demonstrating differential gene enrichment of the KEGG pathway between the
two groups. (E) Correlation between risk score and marker pathway activity of GSAV score.

TEX risk score predicts tumor
microenvironment and immune cell
infiltration

It has been established that interactions between
cancer cells and TME are critical for tumor
progression and dissemination [36]. Therefore in this
study, to assess the immune infiltration status of
LUAD samples, we used the ESTIMATE algorithm to
calculate the immunity score, stromal score and
ESTIMATE score for the TEXRS risk subgroup. The
immunity score stromal score and ESTIMATE score
were significantly higher in the low-risk group
(Figure 8A). Next, we used the CIBERSORT results to
screen for immune cell types significantly associated
with TEXRS by Spearman's correlation analysis
(Figure 8B). To further analyze the difference in
specific immune cell infiltration between the high-risk

and low-risk groups, we quantified the abundance of
immune cell infiltration in each sample using the
CIBERSORT algorithm, which showed a larger
proportion of T cells and macrophages (Figure 8C).
Similar results were obtained by applying the ssGSEA
algorithm for validation (Figure 8D). Previous studies
have reported that high expression of immune
checkpoints is associated with better response to
immune checkpoint inhibitor (ICI) therapy [37-39].
Therefore, we analyzed the differences in immune
checkpoints on the basis of risk scores, and found that
the expression was higher in the low-risk group
(Figure 8E) [40] and we also compared the molecular
differences of HLA between different groups (Figure
8F). In addition, we found that nine genes within
TEXRS were highly correlated with tumor-infiltrating
immune cells, among which CTLA4 and KYNU were
positively correlated with T-cell CD8, and METTL7A
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was positively correlated with M2 macrophages
(Figure 8G) The TIDE results demonstrated that the
high-risk group had higher scores, which may imply
that the high-risk group may have stronger immune
escape (Figure 8H).

Predicting and validating the efficacy of
immunotherapy

To further validate our results, we analyzed the
IPS scores obtained from the TCIA database. Higher
IPS scores predicted a better response to ICI therapy,
including PD-1 inhibitor and CTLA4 inhibitor
therapy, and were categorized into four categories:
ips_ctlad_pos_pd1_pos, ips_ctla4_pos_pdl_neg, ips_
ctla4_neg pdl_pos and ips_ctla4_neg pdl_neg. Our
results showed that all four categories were signifi-
cantly elevated in the low-risk group, suggesting that
patients in the low-risk group responded better than
patients in the high-risk group to anti-CTLA4 therapy

as well as to the combination of anti-pd -1 and
anti-CTLA4 therapy (Figure 9A-D). In addition to test
the potential of risk scores in predicting
immunotherapy in a real immunotherapy cohort, we
selected four groups of patients receiving
immunotherapy (IMvigor210, GSE78220, GSE35640,
and GSE100797), and the results showed that the
patients in the low-risk group with complete
remission/partial remission (complete response/
partial response, CR/PR) ratio was significantly
higher and the number of responders to immuno-
therapy was also higher in the low-risk group than in
the high-risk group (Figure 9F, G, ], K, M, N, O, P).
Similarly, in all four cohorts, patients at lower risk
may have a better prognosis (Figure 9E, H, I, L). All
these results imply that the low-risk group has a
favorable immunotherapy effect.
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assessment of immunotherapy escape in high- and low-risk groups.

Identification of key regulatory genes in the
TEX model

To identify the key regulators in the TEX risk
subgroup, first we verified the mRNA expression
levels of these nine genes, and found that CCL20,
CTLA4, GDF15, KRT18, and PERP were highly

expressed in tumors, while KYNU, METTL7A,
PRKCH, and BTG2 were highly expressed in normal
tissues (Figure 10A). In addition, we used ROC
diagnostic curves to screen for key regulators, and we
found that the only ones with ROC>0.85 were KRT18,
METTL7A, and PRKCH, and thus we concluded that
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these three genes were key regulatory genes for
TEXRS (Figure 10B-D, Supplementary Figure 3A-F).
We also plotted KM curves to verify the survival of
these genes (Supplementary Figure 4A-I). These
results showed that KRT18, METTL7A, and PRKCH
were key regulatory genes for TEXRS. Finally, we
assessed the expression of the three core genes in

TEXRS in three cell lines, including one normal cell
line (2B) and two lung adenocarcinoma cell lines
(A549 and H1299) (Figure 10E-G). The results showed
that METTL7A and PRKCH expression was
significantly up-regulated in normal cell lines, while
KRT18 expression was significantly up-regulated in
tumor cell lines.
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depicting the difference in risk scores between CR/PR patients and SD/PD patients in the IMvigor210 cohort. (G) Proportion of CR/PR or SD/PD patients receiving
immunotherapy in the high and low risk groups of the IMvigor210 cohort. (H, ) km curves for the high and low risk groups of the IMvigor210 staging. (H) Stage I-Il (I) Stage lll-IV.
(J) Box line plot depicting the difference in risk scores between CR/PR patients and SD/PD patients in the GSE78220 cohort. (K) Proportion of CR/PR or SD/PD patients
receiving immunotherapy in the high and low risk groups of the GSE78220 cohort. (L) Survival curves for HR and LR in the GSE78220 cohort. (M) Proportion of patients with
R or NR who received immunotherapy in the high and low risk groups of the TCGA-LUAD cohort. (N) Box line plot depicting the difference in risk scores between R patients
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and NR patients in the TCGA-LUAD cohort. (O) Proportion of R or NR patients receiving immunotherapy in the high and low risk groups of the GSE35640 cohort. (P)
Proportion of CR/PR or SD/PD patients receiving immunotherapy in the high and low risk groups of the GSE100797 cohort.
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Figure 10. Identification of key regulatory genes in the TEX model. (A) Box-and-line plot demonstrating the expression of TEXRS genes in cancer and paracancer. (B) ROC
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. . chronic infection or cancer [12]. In this condition,
Discussion exhausted T-cells, encompassing both effector and
T cell exhaustion is defined as a state of memory T cells, are unable to effectively eradicate
dysfunction resulting from sustained exposure of T  infections and cancer [41]. In this state, exhausted
cells to antigenic and/or inflammatory signals in  T-cells, including effector T cells and memory T cells,

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15

2175

lose their ability to eliminate infection and cancer.
However, studies have shown that inhibitory receptor
overexpression is based on T-cell exhaustion.
Blocking these receptors (e.g., PD-1 and CTLA-4)
reverses the state and reactivates the immune
response, thereby halting tumor progression [12,
41-44] which demonstrates the great potential of
immune checkpoint blockade therapies in this regard.
Unfortunately, despite the value of T-cell exhaustion
in the development of many cancers, including
LUAD, there have been few systematic studies of
T-cell exhaustion in LUAD. Therefore, we developed
a multi-biomarker model based on TEX-related genes,
which can help physicians assess the prognosis and
tumor microenvironment of LUAD patients and
provide a theoretical basis for individualized
precision therapy.

Using scRNA-seq data, Philip Bischoff et al
identified genes associated with T-cell exhaustion
from single-cell transcriptomes. The key modules
most associated with T-cell exhaustion progression
were then identified using the TCGA-LUAD data and
the GSVA algorithm, and differential analysis of the
TCGA-LUAD data was used to obtain differential
genes. After analyzing the intersection of T cell
exhaustion markers and differential genes, we
identified 66 genes associated with T cell exhaustion
in both single-cell and somatic transcriptomes.
Subsequently, we created a new prognostic model
using Lasso regression and one-way COX risk
regression analysis which resulted in identifying 9
key genes. Significant prognostic differences between
the two groups were observed, highlighting the
independent prognostic worth of the TEX profile we
established for LUAD. Our analyses of the ROC curve
and calibration curve demonstrated that the TEX
profile was a superior predictor of patient outcome.
Additionally, we created a histogram that displayed
the advantages of the TEX signature over other
clinical indications in a promising manner.

Then, to gain more insight into the immuno-
logical characterization of TEXRS, we examined
mutations in different TEXRS populations. As
previously reported, missense variants were the most
prevalent, followed by nonsense variants and shifted
code deletions [45] TP53 mutations were more
common in the high TEXRS group than in the low
TEXPM group (56% vs. 42%), with the largest
difference in mutation frequency between groups.
TP53 mutations are not only commonly inherited in
cancer, but also lead to aggressive malignancies and a
poorer prognosis for patients [46, 47]. TP53. Through
the p53/TGF-b signaling pathway, TP53 can influence
the cancer cell cycle. Finally, a better understanding of
TME may help in the development of new therapies

for LUAD or repair of TME to improve the
effectiveness of immunotherapy. The composition of
some immune cells differs between the two TEXRS
groups; M0 and M2 macrophages are more common
in the high TEXRS group, while cytotoxic CD8 T cells
and CD4 T cells are more abundant in the low TEXRS
group. Numerous studies have shown that dense
infiltration of T cells, especially cytotoxic CD8 T cells,
is a marker of good prognosis [48-50]. In addition,
based on the results of pathway enrichment, we found
that the low TEXRS group had stronger immune
pathways, while the high TEXRS group contained
more immunosuppressive cells and oncogenic
signals, as well as tumor- and metastasis-related
signals, suggesting that the high TEXRS group
exhibited immunosuppression and active tumor
progression.

IPS data downloaded from TCIA can provide a
predictive score for assessing a patient's response to
immunotherapy [51, 52]. The higher IPS in the low
TEXRS group suggests that patients with low TEXRS
may have a more favorable response to ICI therapy.
This study suggests that TEXRS, which is not detected
in LUAD, may be closely associated with immune
infiltration in LUAD, suggesting a potential relevance
of TEXRS in assessing immunotherapy responses.
Surgical treatment, ablation or liver transplantation is
an effective treatment for patients with early-stage
LUAD and can significantly improve survival.
Systematic therapy is the only option to improve
survival in patients with advanced LUAD. In addition
to immunotherapy-related drugs, we also tend to use
some chemotherapeutic drugs, the vast majority of
which improve survival time in LUAD patients in the
low TEXRS group compared to the high TEXRS
group.

In addition, we read the following article and
found the AUCs of the prognostic models constructed
by Wang Zi et al. by selecting the Arginine succinate
gene were 0.68, 0.64 and 0.61 [5]; the AUCs of the
prognostic models constructed by Chen Y et al
through the cuproptosis-related were 0.703, 0.663 and
0.574 [53]; the AUCs of the prognostic models
constructed by Yang et al. The AUC values for the
immune-related prognostic features were 0.718, 0.668,
and 0.652 in Song C et al. [54]. Our AUC results were
0.7, 0.7, and 0.69. These results suggest that TEXRS
has good predictive ability to predict the prognosis of
LUAD (Supplementary Figure 4A-C).

Based on these findings, we conclude that
TEXRS is a good model for predicting survival time in
LUAD patients and is closely related to the immune
microenvironment. An in-depth study of TEXRS will
facilitate the reversal of T-cell exhaustion and thus
improve the efficacy of immunotherapy. Next, nine
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genomes comprise TEXRS: KYNU, CCL20, CTLA4,
METTL7A, PRKCH, GDF15, BTG2, KRT18, and PERP.
we screened by ROC curves that the key regulatory
gene of TEXRS, KRT18 (Keratin 18), is thought to be
overexpressed in most types of human tumor and
correlated with clinical progression and prognosis
[65-57]. METTL7A is considered to be closely related
to tumorigenesis, migration, drug resistance and
prognosis of various tumors, and is also an early
therapeutic target for lung adenocarcinoma [58-60].
The protein kinase C (PKC) family promotes cell
signaling and regulates the cell cycle; PRKCH
(PKC-eta, PKCr) belongs to the PKC family and
regulates cell proliferation, differentiation, and death
[61-63]. PRKCH has been shown to regulate cancer
cell proliferation and increase chemotherapy
resistance in a variety of cancers, including
glioblastoma [64], breast cancer [65], and non-small
cell lung cancer [66]. Although the regulatory roles of
these genes have been studied in various cancers, few
researchers have systematically evaluated their
prognostic value in LUAD. T-cell exhaustion has been
less studied in lung adenocarcinoma, and thus we
hope that the establishment of TEXRS will be used to
improve the clinical management of lung
adenocarcinoma patients.

Although the TEX signal we constructed is
highly capable of identifying patients' immune status
and predicting their prognosis, in our follow-up
study, some limitations still need to be recognized
and appropriate solutions found to address them.
First, the TCGA-LUAD dataset we included is based
on data from a public database, which can cause
predictions to deviate from reality. While we have
taken several approaches to try to avoid this, more
data needs to be collected from LUAD patients to
validate the utility of the model and the accuracy of
immunotherapy predictions.

Conclusion

As we first demonstrated, the TEX signature is a
novel predictive biomarker and a potential thera-
peutic target for LUAD patients. In addition, the TEX
signature can characterize the immune environment
in LUAD patients and accurately evaluate the
prognosis of LUAD patients, providing new ideas for
clinical treatment of lung adenocarcinoma.

Supplementary Material

Supplementary figures and tables.
https:/ /www jcancer.org/v15p2160sl.zip
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