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Background: Cuproptosis or copper-dependent cell death is a newly identified non-apoptotic cell death 
pathway which plays a critical role in the development of multiple cancers. Long non-coding RNAs (lncRNAs) 
are increasingly recognized as crucial regulators of programmed cell death and lung adenocarcinoma (LUAD) 
development, and a comprehensive understanding of cuproptosis-related lncRNAs may improve prognosis 
prediction of LUAD. However, few studies have explored the association of cuproptosis-related lncRNAs 
with the prognosis of LUAD.
Methods: The RNA sequencing data and corresponding clinical information of patients were extracted 
from The Cancer Genome Atlas (TCGA) database. Five hundred LUAD patients were randomly divided 
into a training (n=250) and a testing cohort (n=250). Pearson correlations were performed to identify 
cuproptosis-related lncRNAs, and univariate Cox regression was performed to screen prognostic lncRNAs. 
A cuproptosis-related lncRNAs prognostic signature (CLPS) was constructed by the least absolute shrinkage 
and selection operator Cox regression. Kaplan-Meier analysis, receiver operating characteristic curves, and 
multivariate Cox regression were performed to verify the prognostic performance of CLPS. Additionally, 
immune cell infiltration was estimated using the single-sample gene-set enrichment analysis. pRRophetic 
algorithm and Tumor Immune Dysfunction and Exclusion algorithm were used to assess the immunotherapy 
and chemotherapy response, respectively.
Results: CLPS was established based on 61 cuproptosis-related prognostic lncRNAs and exhibited a 
satisfactory performance predicting LUAD patients’ survival (area under the curve at 1, 3, 5 years was 
0.784, 0.749, 0.775, respectively). multivariate Cox analysis confirmed the independent prognostic effect of 
CLPS (hazard ratio: 1.128; 95% confidence interval: 1.071–1.189; P<0.001), and a nomogram containing it 
exhibited robust validity in prognostic prediction. We further demonstrated a higher CLPS-risk score was 
associated with lower levels of signatures including immune cell infiltration, immune activation, and immune 
checkpoints.
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Introduction

Lung cancer is the leading cause of cancer-related mortality 
and the second most common cancer worldwide (1).  
Lung adenocarcinoma (LUAD) is the most prevalent 
histologic sub-type and accounts for 40–50% of lung 
cancer (2). Despite the great success of molecular targeted 
therapy and immunotherapy in cancer treatment, as well as 
increasingly abundant prediction models, both diagnostic 
and prognostic, the prognosis for LAUD remains poor 
due to the heterogeneity of tumors and complexity of 
molecular mechanisms (3,4). Indeed, it is estimated that 
the 5-year survival rates vary from 4–17% depending on 
stage differences (5). Therefore, there is a continued need 
to develop novel sensitive and effective biomarkers for 
prognosis prediction and providing individualized therapy 
for LUAD. 

Cuproptosis is a novel form of programmed cell death 
(PCD) distinguished from others, such as apoptosis, 
necrosis, pyroptosis, and ferroptosis (6,7). As a copper-
induced cell death, cuproptosis is characterized by 
intracellular copper accumulation-triggered aggregation 
of  mitochondria l  l ipoylated prote ins  [ l ipoylated 
dihydrolipoamide S-acetyltransferase (DLAT)] and the 
instability of Fe-S proteins, resulting in proteotoxic stress (8).  
The induction of PCD has been known to be a reliable 
approach for cancer therapy (9-11), making cuproptosis 
a novel promising strategy to inhibit tumor progression 
by triggering tumor cell death (7). However, the specific 
mechanisms of cuproptosis underlying the tumorigenesis, 
progression, and tumor microenvironment (TME) 
remodeling remain unclear. 

With the rapid development of high throughput 
sequencing, long non-coding RNAs (lncRNAs) have 
become a major focus of PCD (12,13), which plays a 
critical role in the development of multiple cancers 
including LUAD (14,15). LncRNAs participate in complex 
biological processes by interacting with DNA, RNA, and 

proteins. Cumulative evidence has demonstrated that the 
dysregulation of lncRNAs in LUAD is widely involved 
in tumor cell proliferation, invasion, and metastasis, as 
well as shaping the TME (16-18). Studying cuproptosis-
related lncRNAs may provide further insight into the role 
of this pathway in cancer, potentially serve as prognostic/
predictive biomarker and help identify novel therapeutic 
targets for LUAD. This formed the basis of our Cancer 
Genome Atlas (TCGA)-based investigation, where we 
mined potential cuproptosis-related lncRNAs based 
on a TCGA-LUAD cohort to construct a cuproptosis-
related lncRNAs prognostic signature (CLPS). We also 
explored the mechanism of cuproptosis-related lncRNAs 
in tumor progression and the TME heterogeneity through 
functional analysis and immune infiltration analysis. 
Additionally, we assessed the potential role of CLPS in 
predicting therapeutic response to cytotoxic chemotherapy 
and immunotherapy. We present the following article in 
accordance with the TRIPOD reporting checklist (available 
at https://tlcr.amegroups.com/article/view/10.21037/tlcr-
22-660/rc).

Methods

Data extraction and preprocessing

The design and implementation of this study are 
shown in detail in Figure 1. The RNA sequencing data 
and corresponding clinical information of 522 LUAD 
patients were extracted from TCGA database. Twenty-
two patients were excluded due to the lack of available 
survival information, and 500 patients with corresponding 
clinicopathological information were eventually included 
for further analysis. These patients were randomly divided 
(conservative random 1:1 split) into a training (n=250) and 
a testing cohort (n=250) at a 1:1 ratio using the “caret” 
R package (19). The somatic mutation profiles of LUAD 
samples were downloaded from TCGA database. The 

Conclusions: The CLPS serves as an effective predictor for the prognosis and therapeutic responses of 
LUAD patients. Our findings provide promising novel biomarkers and therapeutic targets for LUAD.
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study was conducted in accordance with the Declaration of 
Helsinki (as revised in 2013).

Identification of cuproptosis-related lncRNAs

We retrieved 19 cuproptosis-related genes from previous 
studies (6-8,20) as shown in Table S1. The mRNA and 
lncRNA expression profiles were classified, and Pearson 
correlation analysis was then performed to reveal the 
correlation between the expression of cuproptosis-related 
genes and corresponding lncRNAs. A total of 1,227 
cuproptosis-related lncRNAs were identified based on the 

standard that the P value <0.001 and the absolute value of 
Pearson correlation coefficient >0.4.

Construction and validation of the CLPS

In the training cohort, univariate analyses for overall survival 
(OS) were performed using a Cox proportional hazards 
regression model to screen cuproptosis-related prognostic 
lncRNAs with a P value filter of <0.05. A least absolute 
shrinkage and selection operator (LASSO) Cox regression (21) 
was then conducted using the “glmnet” R package to identify 
the robust prognostic lncRNAs and fitted a multivariable Cox 

19 cuproptosis-related gene

1,227 cuproptosis-related lncRNAs
|cor value|>0.4, P<0.001

TCGA-LUAD cohort (n=500)

Training cohort (n=250) Testing cohort 
(n=250)

61 cuproptosis-related prognostic 
lncRNAs 
P<0.05

Lasso regression

Prognostic signature
7 cuproptosis-related lncRNAs

OS analysis, PFS analysis, time dependent ROC analysis 
and C-index estimate

The entire cohort (n=500)
Independent prognosis analysis 

and Nomogram model 

GO & KEGG 
enrichment 

analysis

Immune cell 
infiltration analysis

Immune 
checkpoints 

analysis

Somatic mutation 
analysis

Sensitivity analysis 
of therapy

Validation

Figure 1 Overview of the study design and analytical flow. TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma; lncRNAs, 
long non-coding RNAs; LASSO, least absolute shrinkage and selection operator; OS, overall survival; PFS, progression-free survival; ROC, 
receiver operator characteristic; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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regression model. Finally, a CLPS including seven lncRNAs 
was constructed: Risk score n

i
= i iα β×∑ , where αi means 

the coefficients, and βi represents the expression value of each 
cuproptosis-related lncRNAs. 

The median risk score from the training cohort was 
used as the cut-off point to define CLPS-based high-risk 
or low-risk scores. Kaplan-Meier curves were performed to 
estimate OS and progression-free survival (PFS) through 
the “survival” and “survminer” R package, and log-rank 
tests were used to compare the curves. Time-dependent 
receiver operating characteristic (ROC) analyses and the 
area under the curve (AUC) calculation were performed 
using the “timeROC” R package to evaluate the predictive 
capacity of the CLPS. The Harrell’s concordance index 
(C-index) was calculated using the “survival” R package 
to quantify the performance of CLPS, and the Principal 
Components Analysis (PCA) was performed and visualized 
with the “scatterplot3d” R package. The same analyses were 
performed on the testing cohort for validation.

Independent prognostic analysis and nomogram 
construction 

To confirm whether the CLPS was independent of other 
clinical characteristics in predicting the OS of LUAD patients, 
univariate and multivariate analyses were performed with a 
Cox proportional hazards regression model which included 
the CLPS and several clinical characteristics. Further, a novel 
nomogram which included age, gender, stage, and the CLPS 
was established to predict patient survival.

Functional enrichment analysis 

Differentially expressed genes (DEGs) between the high 
and low-risk groups were identified with a significance 
threshold of |log2FC| >1 and false discovery rate (FDR) 
<0.05 using the “limma” R package. To explore the 
difference in biological pathways between the two groups, 
the “clusterProfiler” R package was used to perform Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analyses for these DEGs. 
Significant enrichment pathways (P value <0.05) are 
displayed in the bar plot and bubble plot.

Analysis of the TME characterization

The Estimation of Stromal and Immune cells in Malignant 

Tumor tissues using Expression data (ESTIMATE) 
algorithm (22) was conducted to infer the fraction of stromal 
and immune cells (defined as the stromal and immune 
scores) in each sample using the “ESTIMATE” R package 
(v1.1.0, https://bioinformatics.mdanderson.org/estimate/
rpackage.html). The ESTIMATE score is a composite score 
summarizing the immune score and the stromal score, while 
the tumor purity, defined as the percentage of malignant 
cells in a solid tumor, is inversely proportional to the 
ESTIMATE score. The single-sample gene-set enrichment 
analysis (ssGSEA) algorithm (23) was conducted to estimate 
the immune cell infiltration, implemented in the “GSVA” R 
package, and 29 immune signature-specific gene sets were 
referred to the published literature (24,25). The gene sets of 
immune activation and immune-checkpoints were derived 
from Mariathasan et al. (26,27).

Prediction of response to immunotherapy and 
chemotherapy 

We further investigated whether the CLPS could 
predict the clinical response to immunotherapy and 
chemotherapy. The gene signatures of T cell dysfunction 
and prediction of cancer immunotherapy response on 
cancer was inferred by Tumor Immune Dysfunction and 
Exclusion (TIDE, http://tide.dfci.harvard.edu/), a novel 
but effective algorithm as Jiang et al. described (28). 
Generally, a higher TIDE score predicts a poor response 
to immunotherapy. The pRRophetic algorithm was used 
to estimate the 50% inhibiting concentration (IC50) 
values of five common first-line chemotherapy drugs 
(including cisplatin, paclitaxel, etoposide, gemcitabine, 
and doxorubicin) for LUAD (29). 

Statistical analysis 

All statistical analyses were performed using R software 
(version 4.1.1) and attached packages. Wilcox test was 
used to assess the differences between the high and low-
risk groups, and Pearson correlation analysis was used to 
determine the correlation coefficient. Survival curves were 
performed using the Kaplan-Meier method, and the log-
rank test was used to determine the statistical significance of 
differences. The waterfall plots of the mutational landscape 
were generated using the “maftools” R package (30).  
All reported P values were two-tailed, and statistically 
significant was defined as P value <0.05.

http://tide.dfci.harvard.edu/
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Results

Construction and validation of the CLPS

The 500 LUAD patients were randomly divided into a 
training (n=250) and a testing cohort (n=250), and no 
statistically significant difference was detected in clinical 
characteristics between the two (Table S2). Based on the 
identified 1,227 cuproptosis-related lncRNAs (available 
online: https://cdn.amegroups.cn/static/public/TLCR-22-
660-1.xlsx, Figure S1), 61 cuproptosis-related prognostic 
lncRNAs (Figure 2A) were screened by univariate analysis in 
the training cohort, and a LASSO Cox regression analysis 
was performed based on them (Figure 2B,2C). Finally, 
seven lncRNAs were adopted to constitute the CLPS 
(Table S3, Figure 2D). Risk scores of patients in the training 
cohort and the testing cohort were calculated, respectively  
(Tables S4,S5), and there were significant correlations 
between the cuproptosis-related gene expressions and the 
expressions of the seven CLPS-lncRNAs (Figure 2E). As 
shown in Figure S1B-S1E, PCA based on the seven CLPS-
lncRNAs exhibited an absolute distribution difference of 
patients from the two groups. 

Kaplan-Meier survival curves indicated patients with 
lower risk scores showed significantly better OS and 
PFS in both training (Figure 3A,3B) testing cohorts  
(Figure 3C,3D). As shown in Figure 3E,3F, the AUC) of the 
risk score reached 0.784 at 1 year, 0.749 at 3 years, and 0.775 
at 5 years in the training cohort, and were still greater than 
0.6 in the testing cohort. C-index values further indicated 
the good prediction accuracy of the CLPS (Figure 3G,3H). 
As shown in Figure 3I,3J, high-risk patients exhibited a 
higher probability of death than low-risk patients, and 
the heatmaps suggested AC090541.1 (a human DNA 
sequence from clone RP11-1105O14 on chromosome 8) 
and AC107021.2 (a human DNA sequence from clone 
RP11-274H2 on chromosome 3) were upregulated in the 
high-risk group, while LINC02390 (long intergenic non 
protein coding RNA 2390), NIFK-AS1 (NIFK antisense 
RNA 1), AC026355.2 (a human DNA sequence from clone 
RP11-114M1 on chromosome 3), MIR34AHG (MIR34A 
host gene), and LINC01215 (long intergenic non protein 
coding RNA 1215) were downregulated in the high-risk 
group. The above analysis performed in the entire LUAD 
cohort also showed consistent results (Figure S2A-S2E).  
Additionally, subsequent subgroup survival analyses  
(Figure S2F-S2K) demonstrated the prognostic value of the 
CLPS remained statistically significant for each subgroup 
based on gender (male, female), age (≤65, >65 years), and 

clinical stage (I–II, III–IV).

Analysis of clinical characteristics and construction of the 
nomogram

We next performed a series of analyses based on clinical 
characteristics, and ROC analysis suggested the CLPS 
had a stronger prognostic capacity than other clinical 
characteristics (Figure 4A). Univariate (Figure 4B) and 
multivariate (Figure 4C) Cox analyses confirmed the 
CLPS as an independent prognostic factor for predicting 
patient outcomes [HR: 1.128 (1.071–1.189), P<0.001]. 
Furthermore, a nomogram consisting of age, gender, clinical 
stage, and CLPS was constructed (Figure 4D) as a visualizing 
prognostic tool to quantify the survival probabilities at 1, 3, 
and 5 years. Calibration curves indicated that the observed and 
predicted survival proportions at 1, 3, and 5 years exhibited 
good concordance in the LUAD cohort (Figure 4E).

Functional enrichment analyses 

A total of 224 DEGS were identified between the high 
and low-risk groups (Table S6). To reveal the biological 
pathways associated with the CLPS, GO functional 
enrichment and KEGG pathway enrichment analyses were 
performed based on the DEGs between the high and low-
risk groups. As expected, GO analysis suggested the DEGs 
were primarily enriched in pathways related to immune 
cell-infiltrating (e.g., lymphocyte, leukocyte, macrophage 
and mononuclear cell proliferation, and myeloid leukocyte 
migration), immune activation (e.g., antimicrobial humoral 
response, humoral immune response), extracellular matrix 
(ECM) remodeling (e.g., collagen-containing ECM, 
ECM structural constituent), and cytokine-cytokine 
receptor interactions (Figure 5A,5B). Similarly, KEGG 
analysis revealed DEGs were mainly focused on critical 
pathways involved in cytokine signaling (cytokine-cytokine 
receptor interaction, chemokine signaling pathway), ECM 
remodeling (focal adhesion, ECM-receptor interaction), 
and immune-related pathways (primary immunodeficiency, 
B cell receptor signaling pathway) (Figure S3A,S3B).

TME characterization

The ESTIMATE analysis results indicated tumors with 
lower CLPS-risk scores were remarkably abundant in 
immune cells, while no significant difference in stromal cell 
abundance was observed in the two groups (Figure 6A-6D).  
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Figure 2 Construction of a CLPS. (A) Univariate Cox regression analysis for 61 cuproptosis-related prognostic lncRNAs. (B,C) LASSO 
Cox regression analysis based on 61 cuproptosis-related prognostic lncRNAs. (D) Coefficients of the LASSO Cox model with the minimum 
lambda criteria. (E) Correlation analyses of cuproptosis-related genes and the CLPS lncRNAs. CLPS, cuproptosis-related lncRNAs 
prognostic signature; lncRNAs, long non-coding RNAs; LASSO, least absolute shrinkage and selection operator.
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Figure 3 Survival analysis and validation of the CLPS in LUAD patients. (A,B) Kaplan-Meier curves of (A) OS and (B) PFS in the training 
cohort. (C,D) Kaplan-Meier curves of (C) OS and (D) PFS in the testing cohort. (E,F) ROC curves for the CLPS risk score at 1, 3, and 5 
years in (E) training cohort and (F) testing cohort. (G,H) The C-index of the CLPS risk score and other clinical characteristics in (G) the 
training cohort and (H) testing cohort. (I,J) Survival state (the middle section) of the patients sorted according to the risk scores (the top 
section) and the differences in the CLPS lncRNAs between high-risk and low-risk groups (the bottom section) in (I) the training cohort and 
(J) testing cohort. AUC, area under the curve; CLPS, cuproptosis-related lncRNAs prognostic signature; LUAD, lung adenocarcinoma; OS, 
overall survival; PFS, progression-free survival; ROC, receiver operating characteristic; lncRNAs, long non-coding RNAs.
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In addition, the ssGSEA analysis demonstrated higher 
CLPS-risk scores were significantly associated with reduced 
levels of majority immune-related signatures (Figure 6E), 
including immune cell infiltration (e.g., dendritic cells, B 
cells, CD8+ T cells, mast cells, neutrophils, T helper cells, 
and tumor infiltrating lymphocyte), immune activation 
(cytolytic activity, human leucocyte antigen, inflammation 
promoting, T cell co-stimulation, and type II interferon 
response), and immune checkpoints. Furthermore, we 
analyzed the expression of chemokines and cytokines 
considered to be relevant to immune activation and 
immune checkpoints, respectively, and as expected, the 
mRNAs related to immune activation were significantly 
downregulated in the high-risk group (Figure 6F). There 
were also negative correlations between the CLPS-risk 
scores and the expression of most immune checkpoint-
related mRNAs (Figure 6G, Figure S4A-S4I). The above 
results revealed a non-negligible association of the CLPS 

with different TME immune landscapes, which might 
in turn affect tumor affect tumor progression and the 
therapeutic response.

Analysis of tumor somatic mutation and prediction of the 
therapeutic response 

Accumulated evidence indicates the tumor mutational 
burden (TMB) is a predictive biomarker for response 
to immune checkpoint inhibitor therapy (31,32). We 
evaluated the intratumoral somatic mutation landscape to 
indirectly predict the immunotherapeutic outcomes. The 
waterfall plots suggested the high-risk group exhibited 
more extensive somatic mutation than the low-risk group  
(Figure 7A,7B), while subsequent Kaplan-Meier survival 
curves showed patients with higher TMB had better OS 
than lower TMB (Figure 7C). As shown in Figure 7D, 
combining the CLPS-risk score and TMB exhibited a 

Figure 4 Establishment of a novel nomogram for predicting prognosis of LUAD patients. (A) ROC curve for the risk signature and several 
clinical characteristics at 1-year in the entire cohort. (B) Univariate and (C) multivariate analyses for the risk score using the Cox regression 
model. (D) A nomogram for predicting OS of LUAD patients constructed based on the entire cohort. (E) The calibration curves of the 
nomogram predicted 1-, 3-, and 5-year OS in the entire cohort. ***, P<0.001. AUC, area under the curve; LUAD, lung adenocarcinoma; 
ROC, receiver operating characteristic; OS, overall survival.
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greater prognostic value for LUAD patients. 
To directly predict the response to immunotherapy, we 

estimated the TIDE score of all LUAD patients based on 
the TIDE algorithm. As shown in Figure 8A, the high-
risk group showed a significantly lower TIDE score 
compared with the low-risk group, which indicated a better 
response to immunotherapy in patients with higher CLPS-
risk scores. Moreover, there were significant negative 
correlations of the CLPS-risk score with the IC50 to 
cisplatin (Figure 8B,8C), paclitaxel (Figure 8D,8E), etoposide 
(Figure 8F,8G), gemcitabine (Figure 8H,8I), and doxorubicin 
(Figure 8J,8K), which indicated patients with higher CLPS-
risk scores had a better response to these chemotherapy 
agents. 

Discussion

LUAD is considered a highly heterogeneous tumor, where 
multiple genetic, epigenetic, and phenotypic alterations 
drive its development and progression (33,34). With 
growing understanding of the molecular mechanisms of 
LUAD, there has been a rapid evolution of personalized 
therapies for treatment of LUAD such as epidermal growth 
factor receptor (EGFR) inhibitors and programmed cell 
death 1 (PD1)/programmed cell death ligand 1 (PD-L1) 
inhibitors (35,36). Unfortunately, primary and secondary 

resistance and variable responses to currently available 
treatments present an ongoing challenge, highlighting 
the need for continued exploration of novel molecular 
biomarkers for individualized prognosis and treatment 
of LUAD. Several studies have emphasized the critical 
importance of PCD in battling cancer, including apoptosis, 
necrosis, pyroptosis, and ferroptosis (10,37). Cuproptosis is 
a newly discovered form of PCD, which has been shown to 
have antitumor potential (7) but the underlying mechanisms 
have not been clearly identified. With the development of 
next-generation sequencing technology (38), an increasing 
number of lncRNAs have been identified and confirmed to 
play critical roles in initiation and progression of LUAD 
(16,17). We hypothesized that cuproptosis-related lncRNAs 
may have a great potential as diagnostic biomarkers and 
help identify therapeutic targets in LUAD.

To the best of our knowledge, this study is the first 
to comprehensively explore the prognostic significance 
of cuproptosis-related lncRNAs in LUAD. First, we 
identified 61 cuproptosis-related prognostic lncRNAs and 
constructed a CLPS based on seven lncRNAs, including 
five protective factors (LINC02390, MIR34AHG, NIFK-
AS1, LINC01215, AC026355.2) and two risk factors 
(AC107021.2, AC090541.1). MIR34AHG is the host gene 
of miR-34a and may have biological functions similar to the 
miR-34 family, which inhibits the progression of LUAD 
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Figure 6 TME characteristics in the high- and low-risk groups. (A-D) Difference in the (A) stromal score, (B) immune score, (C) estimate 
score, and (D) tumor purity between the two groups. (E) Difference in the levels of 29 TME signatures between the two groups. (F) 
Difference in the immune-activation related gene expression between the two groups. The horizontal line indicates the median, the lower 
and upper boundaries of the boxes the interquartile range, and the dots the outliers. Asterisks indicate statistical significance, *, P<0.05; **, 
P<0.01; ***, P<0.001. (G) Correlations between the risk score and immune-checkpoint related gene expression. Positive correlation was 
marked with red and negative correlation with blue. The circle color represents Spearman coefficient value, the size of circle is inversely 
proportional to the P value, and the * stands for P<0.001. TME, tumor microenvironment.
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(39,40). Importantly, the CLPS exhibited a satisfactory 
performance in predicting OS and PFS in LUAD, which 
provided an effective prognostic tool to complement 
traditional clinical indices. MIR34AHG, NIFK-AS1, 
LINC01215, and AC026355.2 have been confirmed to be 
associated with progression or prognosis of tumors. NIFK-

AS1, LINC01215, AC026355.2 have also been previously 
shown to have a positive effect on prognosis (41-44). 
Expression of MIR34AHG, NIFK-AS1, and LINC01215 
have also been associated with the heterogeneity of immune 
cell infiltration (41,42,45), suggesting that the CLPS may 
be beneficial in predicting survival outcomes as well as 
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Figure 7 Analysis of tumor somatic mutation in LUAD patients with different risk scores. (A,B) The top barplot depicts TMB and mutation 
frequency in each gene is given on the right. The right barplot depicts the proportion of each variant type. The stacked barplot below 
depicts fraction of conversions in each sample. (C) Kaplan-Meier curve of OS for high and low-TMB groups. (D) Kaplan-Meier curve of OS 
for subgroup patients stratified by the risk score and TMB. TMB, tumor mutational burden; H, high; L, low; LUAD, lung adenocarcinoma; 
OS, overall survival.
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assessing immune regulation in cancer. 
Our CLPS exhibited a satisfactory performance in 

predicting OS and PFS in LUAD, providing an effective 
prognostic tool to complement traditional clinical indices. 
In addition, our analysis validated previously observed 
survival protective effect of MIR34AHG, NIFK-AS1, 
LINC01215, and AC026355 (41-44). Furthermore, our 
study demonstrated for the first time that three lncRNAs, 
namely LINC02390, AC107021.2, and AC090541.1 are 

prognostic in LUAD, with LINC02390 having a positive 
effect and the others a negative effect on prognosis. These 
findings warrant further exploration. 

The TME plays a crucial role in tumorigenesis and 
development (46,47), and is an important determinant 
of prognosis and treatment response for LUAD patients 
(48,49). In particular, tumor infiltrating CD8+ T cells, 
which are key to an effective anti‐tumor response, and 
high CD8+ T cell infiltration has been linked with favorable 
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Figure 8 Sensitivity of immunotherapy and chemotherapy in LUAD patients. (A) Difference in TIDE score between low- and high-risk 
groups. (B-K) The correlation of risk score and the IC50 of (B,C) cisplatin, (D,E) paclitaxel, (F,G) etoposide, (H,I) gemcitabine, and (J,K) 
doxorubicin. TIDE was negatively correlated with immunotherapy sensitivity. TIDE, Tumor Immune Dysfunction and Exclusion; LUAD, 
lung adenocarcinoma; IC50, 50% inhibitory concentration, which was negatively correlated with drug responsiveness. 
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prognosis in LUAD (50,51). Dendritic cells and T follicular 
helper cells are considered to play important roles in anti-
tumor immunity (51,52). In our study, we explored the 
association between the CLPS and TME heterogeneity in 
LUAD. DEGs between the high and low-risk groups were 
identified and demonstrated to be significantly enriched 
in biological pathways related to immune cell-infiltrating, 
ECM remodeling, and cytokine signaling. Combining 
results from the ESTIMATE and ssGSEA analyses, the 
high-risk group was characterized by a lower level of 
immune cell-infiltration (e.g., dendritic, B, CD8+ T, and T 
helper cells) and immune activation. Moreover, significant 
negative correlations between the CLPS-risk score and the 
expression of immune checkpoint-related genes indirectly 
suggested the differences in the immunotherapeutic 
response rates of patients with different risk score (53). To 
further explore whether the CLPS could be used to predict 
the efficacy to immunotherapy, we evaluated differences 
in the TMB and TIDE score between high and low-
risk groups. Cumulative evidence has indicated a higher 
TMB and lower TIDE were associated with a greater 
clinical response to immunotherapy (28,31). Significant 
differences in the TMB and TIDE score between the two 
groups demonstrated the ability of the CLPS to predict an 
immunotherapeutic response. Recent studies have revealed 
the interplay between immunotherapy and chemotherapy, 
and differences in immune infiltration have been shown to 
influence the resistance to adjuvant chemotherapy (54-56).  
In our results, patients with a higher CLPS-risk score 
exhibited better efficacy to five first-line chemotherapy 
drugs (including cisplatin, paclitaxel, etoposide, gemcitabine, 
and doxorubicin) in LUAD, suggesting additional potential 
of the CLPS to predict chemotherapy efficacy. 

Despite the strengths and provocative observations as 
detailed above, our study had several limitations. First, 
there may be potential bias as the multivariate analysis was 
performed with limited clinical parameters available in a 
public dataset. Secondly, we could not directly analyze the 
association of cuproptosis-related lncRNAs and response to 
therapy due to the lack of detailed treatment information. 
Finally, the above findings were carried out mainly based on 
the bioinformatics analysis. 

In conclusion, we successfully constructed a robust CLPS, 
which can potentially serve as a clinically effective tool to 
predict prognosis and predict response to immunotherapy 
and chemotherapy. Our findings also provide new insights 
into the role of cuproptosis in tumor progression and TME 
heterogeneity. CLPS contributes to further understand the 

regulatory mechanisms of cuproptosis on cancer development 
and offers a promising avenue for future targeted cancer 
therapy.
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