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Background: Identifying populations that benefit from immune checkpoint blockade (ICB) therapy
remains a major challenge in the treatment of lung adenocarcinoma (LUAD). Existing programmed cell
death (PCD) related prognostic models only consider a single mechanism, such as ferroptosis, necroptosis,
and pyroptosis, and do not reflect the interaction of multiple mechanisms. This study aims to explore
IncRNAs associated with multiple modes of PCD and reveal a risk signature to assess prognosis and
treatment outcomes in LUAD patients.

Methods: Based on expression data in The Cancer Genome Atlas (TCGA) database, ferroptosis,
necroptosis, and pyroptosis-related IncRNAs (FNPRIncRNAs) were obtained by taking the intersection of
ferroptosis-related IncRNAs (FRIncRNAs), necroptosis-related IncRNAs (NRIncRNAs), and pyroptosis-
related IncRNAs (PRIncRNAs) differentially expressed in LUAD and normal tissues. Patients with complete
survival information and expression data from TCGA database were randomly assigned to training and
testing sets (1:1). Univariate, LASSO, and multivariate Cox regression analyses were performed on the
training set, and a risk signature was established. Kaplan-Meier survival curves were used to verify the
prognostic ability of risk signature, and receiver operating characteristic (ROC) curves were used to assess
the predictive accuracy. We then analyzed molecular and immune profile differences between high and
low-risk subgroups. T-cell dysfunction and Exclusion (TIDE) scores were used to assess the response to
immunotherapy in each risk subgroup. Finally, three LUAD clusters (C1, C2, and C3) were identified
according to the risk signature.

Results: Patients in the low-risk subgroup had higher overall survival (OS) than that in the high-risk
subgroup in the K-M survival curve. The area under ROC curves (AUC) of 1-, 3-, and 5-year ROC were
0.742, 0.762, and 0.749 in the training set, and 0.672, 0.642, and 0.563 in the testing set, respectively.
Compared with the high-risk subgroup, patients in the low-risk subgroup have beneficial tumor immune
microenvironment and molecular characteristics, but are less likely to benefit from immunotherapy. Finally,
the three LUAD clusters (C1, C2, C3) identified by risk signature had different responses to drug treatment.
Conclusions: The prognosis risk signature constructed using FNPRIncRNAs is helpful to predict the
prognosis of LUAD and may contribute to its individualized treatment.
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Introduction

Lung cancer is a common and serious cancer globally, with
an incidence rate of 11.4% and mortality rate of 18.0% (1).
About 85% of all lung cancer cases are non-small cell
lung cancer (NSCLC) and 15% are small cell lung
cancer (SCLC) (2), and lung adenocarcinoma (LUAD)
is a major histological type of NSCLC, accounting for
more than 50% of NSCLC cases (3). The opportunity to
provide appropriate treatment is often delayed as many
cases are diagnosed late, and due to the complex tumor
microenvironment (T'ME) and heterogeneity, the sensitivity
and specificity of chemotherapy and targeted therapy remain
low. In recent years, with the increasing understanding
of programmed cell death (PCD) mechanisms in tumor
immunity, immunotherapy represented by immune
checkpoint inhibitors (ICIs) has brought promising
new approaches to LUAD treatment (4,5). However,
the number of patients benefiting from immunotherapy
remains in the minority, and there remain few biomarkers
that can effectively identify immunotherapy beneficiaries (6).
Therefore, it is urgent to explore prognostic markers that
can help evaluate the individualized treatment of LUAD.

Ferroptosis, necroptosis, and pyroptosis are three PCD
mechanisms different from apoptosis and autophagy.
Ferroptosis is a process in which reactive oxygen species
(ROS) induced by ferric divalent oxygenase or ester
oxygenase catalyze the accumulation of highly expressed
unsaturated fatty acids on cell membranes and peroxidation
and induce cell death, which is exacerbated by the
reduced expression of antioxidant systems (glutathione
GSH and GPX4) (7,8). Necroptosis is a form of PCD
unrelated to caspase (9). Due to the inhibition of caspase-8
activity, RIP1 and RIP3 could be ineffectively cleaved
and inactivated or moved to the apoptotic pathway (10).
Trans-phosphorylation of RIP1 and RIP3 also promotes
their aggregation into filamentous-like necrosome (11).
MLKL is further activated by RIP3 and is recruited to
the cell membrane and changes its permeability, leading
to cell death (12). Pyroptosis is another form of PCD,
which induces shear and aggregation of gasdermin family
members through caspase 1, 4, 5, 11 and lipopolysaccharide
(LPS)-mediated inflammasome, regulating cell proliferation
and cell death (13-15).

Exploring the interaction between PCD and the TME
is a new strategy to explore cancer treatment, and many
studies have confirmed the effect of ferroptosis, necrosis,
and pyroptosis on tumor immunity (16-18). In addition,
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these PCDs may trigger strong anti-tumor immunity in
tumors, and the combination of mutagens and ICIs can play
a synergistic role in enhancing anti-tumor activity (19-21).
Interestingly, in the TME, not only are there interactions
between PCD and tumor immunity, but there are also
potential interactions among ferroptosis, necroptosis, and
pyroptosis (22). However, only a few studies have explored
the co-actors and processes in these PCDs (23-25).

Long non-coding RNA (IncRNA) are more than
200 nucleotides in length and are the most abundant
type of non-protein-coding RNA (26). They are widely
distributed and regulate various physiological and
pathological processes, including PCD. Tran et al. reported
the regulatory effects of some IncRNAs on ferroptosis,
necroptosis, and pyroptosis in cancer (27-29). In addition,
most of the existing prognostic models related to PCD
only consider a single mechanism, such as ferroptosis,
necroptosis, and pyroptosis, while the factors of the
combined effects of multiple mechanisms are not fully
reflected. Ferroptosis, necroptosis, and pyroptosis-related
IncRNA (FNPRIncRNA) affects PCD through multiple
mechanisms and is closely related to tumor development
and prognosis. The study of FNPRIncRNA may be a
promising direction in understanding the treatment and
prognosis of LUAD.

In this study, based on gene expression data of LUAD in
The Cancer Genome Atlas (TCGA), we explored IncRNAs
associated with ferroptosis, necroptosis, and pyroptosis for
the first time and constructed a prognostic risk signature
to identify different LUAD clusters. The TME, immune
cell infiltration, therapeutic benefits, and prognosis of
different clusters of LUAD were then systematically
analyzed. The results suggest the risk signature is a reliable
prognostic biomarker for LUAD and may contribute to its
individualized treatment. We present the following article in
accordance with the TRIPOD reporting checklist (available
at https://jtd.amegroups.com/article/view/10.21037/jtd-22-
1151/rc).

Methods
Data collection and study design

The clinical information and fragments per kilobase million
(FPKM) format of RNA-sequencing (RNA-seq) profiles of
LUAD patients were retrieved from TCGA on February
27, 2022 (https://portal.gdc.cancer.gov). To improve
research accuracy, patients with missing overall survival (OS)
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or poor OS (less than 30 days) were excluded to reduce
statistical bias in this analysis.

Based on gene expression data of LUAD in TCGA,
ferroptosis, necroptosis, and pyroptosis-related IncRNAs
(FNPRIncRNAs) were obtained by taking the intersection
of ferroptosis-related IncRNAs (FRIncRNAs), necroptosis-
related IncRNAs (NRIncRNAs), and pyroptosis-related
IncRNAs (PRIncRNAs) differentially expressed in LUAD
and normal tissues. Patients with complete survival
information and expression data from TCGA database
were randomly assigned to training and testing sets (1:1).
Univariate, LASSO, and multivariate Cox regression
analyses were used to establish a risk signature based on
FNPRIncRNAs in the training set and then evaluated.
A nomogram for prognostic prediction of individual
LUAD patients was constructed based on risk score and
clinical variables, such as age, gender, tumor stage. Gene
set enrichment analysis (GSEA), single sample gene set
enrichment analysis (ssGSEA), and ESTIMATE were used
to analyze characteristics of the TME between subgroups.
T-cell dysfunction and Exclusion (TIDE) scores were
used to assess the response to immunotherapy in each
risk subgroup. LUAD clusters were identified according
to the risk signature, and the Molecular and immune
characteristics between each cluster were evaluated. Finally,
the half-maximal inhibitory concentration (IC50) was used
to assess the sensitivity of each cluster to the chemotherapy
and targeted drugs for the treatment. The study was
conducted in accordance with the Declaration of Helsinki (as
revised in 2013).

Identifying ferroptosis, necroptosis, and pyroptosis-velated
IncRNAs

A list of 388 ferroptosis-related genes (FRGs) was
downloaded from FerrDb (version 7.4, http://www.
zhounan.org/ferrdb/current/) (30), and a list of 74
necroptosis-related genes (NRGs) was obtained from
previous literature (31). A list of 52 pyroptosis-related genes
(PRGs) was obtained from prior literature (32), and these
are displayed in Table S1. According to the expression data
of LUAD in TCGA, 157 differentially expressed FRGs
(DEFRGs), 25 differentially expressed NRGs (DENRGs),
and 21 differentially expressed PRGs (DEPRGs) were
obtained through the analysis of gene expression differences
between LUAD and normal tissues using the Limma
package of R [Ilog fold change (FC)| >0.585, false discovery

© Journal of Thoracic Disease. All rights reserved.

3957

rate (FDR) <0.05] (33). Then, with the correlation
coefficient (I Pearson RI) >0.4 and P<0.001, 2,609
FRIncRNAs, 1,610 NRIncRNAs, and 906 PRIncRNAs were
obtained by co-expression analysis of mRNAs and IncRINAs.
We also analyzed the differential expression of these three
sets of IncRNAs with [logFCI >1, FDR <0.05. Moreover,
we intersected the sets of FRIncRNAs [2,609], NRIncRNAs
[1,610], and PRIncRNAs [906] to obtain a set containing
567 ferroptosis, necroptosis, and pyroptosis-related
IncRNAs (FNPRIncRNA:s). Finally, through the differential
expression analysis of FNPRIncRNAs in LUAD and
normal tissues, 243 differentially expressed FNPRIncRNAs
(DEFNPRIncRNAs) were obtained (1logFCl >1, FDR
<0.05).

Establishing and validating the risk signature according to
FNPRIncRNAs of LUAD

Patients with complete survival information and expression
data from TCGA database were randomly assigned to
training and testing sets (1:1), and the training set was
used to construct a prognostic risk signature. First,
DEFNPRIncRNAs significantly correlated with OS were
screened by univariate Cox (uni-Cox) regression analysis
combined with the clinical information of the training set
(P<0.05). Then, to prevent overfitting during modeling,
we performed minimum absolute contraction and selection
operator (LASSO) analysis using the glmnet R package
(using the penalty parameter estimated by 10-fold cross-
validation) to screen out hub DEFNPRIncRINAs associated
with LUAD prognosis (34). Finally, a prognostic risk
signature constructed by optimal DEFNPRIncRNAs was
established by multivariate Cox (multi-Cox) regression
analysis. The risk score for each patient was obtained by
multiplying the expression levels of the DEFNPRIncRNAs
in the risk signature by the corresponding coefficients then
adding them, and was calculated by the following formula:

Risk score = 27 Coefficient * Expression (1]

According to the median risk value of patients in the
training set, those in training, testing, and entire sets
were divided into high- and low-risk subgroups. The
survival package of R was employed to reveal differences
in survival between high- and low-risk subgroups of
each set respectively, and survival curves were plotted for
visualization. The relationship between risk signature and
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clinical factors was demonstrated by boxplots. Uni-Cox and
multi-Cox regression analyses investigated whether the risk
signature was a potential independent prognostic indicator
of LUAD. Receiver operating characteristic (ROC) curves
were established, and the area under ROC curves (AUC)
was calculated to evaluate the predictive value of the risk
signature.

Nomogram and calibration

A nomogram was constructed using the RMS package of
R to predict 1-, 3-, and 5-year survival of LUAD patients
based on the risk signature and clinical variables such as age,
sex, and tumor stage, while calibration curves verified the
accuracy of the nomogram.

GSEA

GSEA was used to explore potential differences in biological
function between risk subgroups (35). The genomes “c5.
go.v7.4.symbols” and “c2.cp.kegg.v7.4.symbols” were
obtained from MSigDB database (version 7.4) (http://www.
gsea-msigdb.org/gsea/login.jsp). The adjusted P<0.05 was
considered statistically significant, and the ClusterProfiler
package of R was used for enrichment analysis (36).

TME of the risk signature

First, XCELL, EPIC, TIMER, QUANTISEQ,
MCPCOUNTER, CIBERSORT-ABS, and CIBERSORT
were used to calculate the correlation between immune
infiltrating and the prognosis risk signature (37-42).
According to the GSVA package of R, a ssGSEA was
then used to score immune infiltrating cells and immune
function in different subgroups (43). Finally, stromalscore,
immunescore, and estimatescore (stromalscore +
immunescore) were calculated for each patient using
ESTIMATE to compare the TME in high- and low-risk
subgroups (44).

Estimating the effect of immunotherapy

The ggpubr package of R was used to compare the
expression of immune checkpoints between high- and low-
risk subgroups (Wilcoxon signed-rank test, and P<0.05
was considered significant). Then, T cell dysfunction and
exclusion (TIDE) was used to compare the response to
immunotherapy between high- and low-risk subgroups (45).
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Identifying LUAD clusters

ConsensusClusterPlus package was used to identify LUAD
clusters (C1, C2, and C3) based on the expression levels
of six DEFNPRIncRNAs (46), and Principal component
analysis (PCA) and T-distributed Stochastic Neighbour
Embedding (T-SNE) were used to visualize the distribution
of LUAD clusters. The survival package of R was used
to analyze the prognosis of patients in the three LUAD
clusters (Kaplan-Meier method and log-rank test), and in
the same way, we evaluated the immune microenvironment
and clinical treatment of LUAD clusters C1, C2, and
C3. First, we used XCELL, TIMER, QUANTISEQ,
MCPCOUNTER, EPIC, CIBERSORT-ABS, and
CIBERSORT to assess the correlation between C1, C2,
and C3 clusters and immune cell infiltration. Following
this, stromalscore, immunescore, and estimatescore were
calculated for LUAD patients to compare the infiltration
of immune cells and stromal cells among the three clusters,
before the ggpubr package of R was used to compare the
activation of immune checkpoint-related genes among the
clusters. TIDE was also used to evaluate the response of the
three LUAD clusters to immunotherapy. Finally, IC50 of
anti-tumor agents in the three clusters was calculated using

the pRRophetic package of R (47).

Evaluating chemotberapy and targeted therapy in three
clusters

PRRophetic, an R package consisting of almost 700 cell
lines and 138 drugs, predicts the response of clinical drugs
to cancer based on tumor gene expression levels and has
been revealed to be robust in predicting treatment responses
in various clinical trials (48). We calculated IC50 of some
common targeted and chemotherapeutic agents in three
LUAD clusters (C1, C2, and C3) using pRRophetic package.

Statistical analysis

R4.1.3 software was used for all statistical data analyses,
Wilcoxon test was utilized to analyze the differences
between the two groups, and Kruskal-Wallis test was
employed for differential analysis among the three
groups. In addition, the relevant tests were performed
using Spearman analysis, and survival curves were plotted
using log-rank and Kaplan-Meier tests. The AUC was
used to calculate the predictable score for binary data,
the acceptable AUC threshold values is 0.5. P<0.05 was
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Figure 1 Flow chart of this study. LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas; DEFRGs, differentially expressed
ferroptosis-related genes; DENRGs, differentially expressed necroptosis-related genes; DEPRGs, differentially expressed pyroptosis-related
genes; FRIncRNAs, ferroptosis-related IncRNAs; NRIncRNAs, necroptosis-related IncRNAs; PRIncRNAs, pyroptosis-related IncRNAs;
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cell dysfunction and exclusion; PCA, principal component analysis.

considered statistically significant.

Results

Identifying ferroptosis, necroptosis, and pyroptosis-related
IncRNAs

The flow chart of this study is depicted in Figure 1. The
differential expression of 157 DEFRGs, 25 DENRGs, and
21 DEPRGs in LUAD tissues and normal lung tissues are
illustrated in Figure 24, and the differential expressions

of FRIncRNAs, NRIncRNAs, and PRIncRNAs in LUAD
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tissues and normal lung tissues are displayed in Figure 2B.
The intersection of FRIncRNAs, NRIncRNAs, and
PRIncRNAs yielded 567 FNPRIncRNAs, as illustrated
in Figure 2C. The differential expressions of 243
DEFNPRIncRNAs in LUAD and normal lung tissues are
depicted in Figure 2D.

Construction of the risk signature

In the training set, 39 DEFNPRIncRNAs were confirmed
to be associated with LUAD prognosis by uni-Cox analysis
(Figure 34, Table S2, P<0.05). The differential expression
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Figure 2 Visualization of differential expression. (A) Heatmap of DEFRGs, DENRGs, and DEPRGs in LUAD. (B) Volcanic maps of
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differentially expressed ferroptosis-related genes; DENRGs, differentially expressed necroptosis-related genes; DEPRGs, differentially

expressed pyroptosis-related genes; LUAD, lung adenocarcinoma; FRIncRNAs, ferroptosis-related IncRINAs; NRIncRINAs, necroptosis-
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of these 39 IncRNAs between LUAD and normal tissues
in TCGA samples is displayed in Figure S1, and the co-
expression relationships between the 39 FNPRIncRNAs
and FRGs, NRGs, and PRGs are shown in Figure 3B.
After LASSO-penalised Cox regression analysis, a risk
signature constructed by six FNPRIncRINAs was obtained
(Figure 44,4B), and their co-expression network with FRGs,
NRGs, and PRGs is presented in Figure 4C. The risk score
for each patient was calculated according to the following
risk formula:

Risk score = AC107021.2expression *0.9425
—ACO018529.1expression *1.2486
—ACO006017.1expression*0.7824
—AC010999.2expression *1.5506
—LINCO1281expression *1.2625
—LINCO1150expression *0.5865

According to the median risk value of patients in the
training set, those in training, testing, and entire sets were
divided into high- and low-risk subgroups, respectively, and

the expressions of the six FNPRIncRNAs in high- and low-
risk subgroups are depicted in Figure 4D.

Evaluating the predictive capability of the risk signature

We found fewer deaths in the low-risk subgroup than in
the high-risk subgroup in training, testing, and entire sets
(Figure 4E,4F). Kaplan-Meier curve analysis revealed that
in training, testing, and entire sets, the low-risk subgroup
had a better prognosis than the high-risk subgroup (P<0.05)
(Figure 4G). While the relationship between the risk score
and clinical traits revealed no difference in risk score
distribution among age, gender, and smoking population
(P>0.05) (Figure 5A-5C), it was related to tumor stage
(Figure 5D). In addition, the risk signature showed good
prognostic ability in LUAD patients at different stages
(stages I-1I and HI-1V) (Figure SE,ST).

Uni-Cox regression and multi-Cox regression analyses
confirmed the risk signature was an independent prognostic
factor of LUAD (Figure 6A4,6B). By comparing 1-year ROC
curves established by gender, age, race, smoking, and tumor
stage, the AUC value of the risk signature was the highest
in the training set (0.742) (Figure 6C). The AUC values of
1-, 3-, and 5-year ROC generated by the risk signature in
the training set were 0.742, 0.762, and 0.749, respectively
(Figure 6D), The AUC values of 1-, 3-, and 5-year ROC
generated by the risk signature in the testing set were 0.672,
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0.642, and 0.563, respectively (not shown in Figure). and
the AUC values of 1-, 3- and 5-year ROC in the entire set
were 0.711, 0.699 and 0.665, respectively (Figure 6E). The
results show our risk signature is helpful for prognostic
prediction of LUAD patients.

Nomogram and calibration

A nomogram was constructed based on the risk signature
of patients and clinical variables such as age, gender, and
tumor stage (Figure 6F), and calibration curves evaluated
the accuracy of 1-, 3-,; and 5-year nomogram survival
predictions (Figure 6G).

GSEA

GSEA was used to identify the functions and pathways of
gene sets enriched in the two risk subgroups, and pathway
enrichment results are shown in Table S3. We found
gene sets from high-risk score samples were enriched in
pathways related to cell cycle, TCA cycle, DNA replication,
ribosome, and spliceosome, and were enriched in functions
related to cornification, keratinization, keratinocyte
differentiation, epidermal cell differentiation, and mitotic
sister chromatid separation. The gene sets of low-risk
samples were enriched in pathways related to allograft
rejection, asthma, the intestinal immune network for IGA
production, primary immunodeficiency, and systemic lupus
erythematosus, and were enriched in functions related to
the spliceosomal TRI-snRNP complex assembly, DNA
packaging complex, SM-like protein family complex,
the small nuclear ribonucleoprotein complex, and T cell
receptor complex (Figure 7A-7D).

Estimating the tumor immune microenvironment of the
risk signature

The correlation analysis results of seven calculation
methods on immune infiltrating cells and the risk signature
are shown in Figure 7E, and details of the association
between immune-infiltrating cells and risk score obtained
by CIBERSORT-ABS are shown in Figure S2. Further
analysis of MCPCOUNTER revealed the risk score was
negatively correlated with T cells, CD8" T cells, B lineage,
monocytic lineage, myeloid dendritic cells, neutrophils,
and endothelial cells (Figure 7F-7G), and through ssGSEA
analysis, we found B cells, CD8" T cells, macrophages,
dendritic cells (DCs), mast cells, neutrophils, T helper cells,
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Figure 6 Independent prognostic capacity and predictive effectiveness of the risk signature. (A) Uni-Cox analysis of clinicopathological
factors and the risk score; (B) multi-Cox analysis of clinicopathological factors and the risk score; (C) ROC curves of the risk score and
clinical factors for predicting 1-year OS in the training set; (D) ROC curve of the risk score for predicting 1-, 3-, and 5-year OS in the
training set; (E) ROC curve of the risk score for predicting 1-, 3-, and 5-year OS in the entire set; (F) The nomogram predicts 1-, 3- and
5-year LUAD patents’ OS; (G) the calibration curves test the consistency between the actual and predicted outcomes at 1, 3, and 5 years.

AUC, area under ROC curves; ROC, receiver operating characteristic; OS, overall survival; LUAD, lung adenocarcinoma.
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Figure 7 Gene set enrichment analysis and immune cell infiltration landscape. (A,B) GSEA of the top five signature pathways in low-
and high-risk subgroups; (C,D) GSEA of the top five signature functions in low- and high-risk subgroups; (E) heatmap for immune cell
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Tth, Thl cells, Th2 cells, tumor-infiltrating lymphocytes
(TIL), and Treg were more predominant in the low-risk
subgroup. No significant difference was observed in natural
killer cells between the two subgroups (Figure 84), while the
activity of 13 immune pathways in the low-risk subgroup
was significantly higher than in the high-risk subgroup
(Figure 8B). By estimating the TME scores, we also found
stromalscore, immunescore, and estimatescore were higher
in the low-risk subgroup than in the high-risk subgroup
(Figure 8C). These results suggest the risk signature can be
used to evaluate the tumor immune microenvironment in

LUAD patients.

Estimating the effect of immunotherapy

By analyzing the expression of the immune checkpoint, we
found the expression of most immune checkpoints in the
low-risk subgroup including CD274, PDCD1, CTLA4,
and LAG3 was significantly higher than in the high-risk
subgroup (Figure §D). Further analysis indicated the risk
score was negatively correlated with the expressions of
CD274, PDCD1, and CTLA4 but positively correlated with
POLE2, FEN1, MCM6, MSH2, and LOXL2 (Figure 8E).
In the analysis of the potential clinical efficacy of
immunotherapy evaluated by TIDE, we found the TIDE
score of the low-risk subgroup was higher than that of the
high-risk subgroup (Figure $F).

Identifying LUAD clusters

LUAD clusters (C1, C2, and C3) were identified according
to the expression levels of the six FNPRIncRNAs
constructing the risk signature (Figure 94,9B), and
principal component analysis (PCA) and T-distributed
stochastic neighbour embedding (T-SNE) demonstrated
the distribution relationship between LUAD cluster
distribution and risk score (Figure 9C,9D). In addition,
Kaplan-Meier analysis showed the OS of the three LUAD
clusters was significantly different (Figure 9E). XCELL,
TIMER, QUANTISEQ, MCPCOUNTER, EPIC,
CIBERSORT-ABS, and CIBERSORT were used to
analyze the infiltration of immune cells of C1, C2, and
C3 clusters, and showed the C1 subgroup had the highest
degree of immune cell infiltration (Figure S3). Additional
analysis demonstrated the stromalscore, immunescore, and
estimatescore of patients in C1 cluster were significantly
higher than those in C2 and C3, while there was no
significant difference between C2 and C3 (Figure 9F).
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Predicting immunotberapy effect in the three clusters

Comparing the activation of immune checkpoint-related
genes among the three LUAD clusters showed the
expression of immune checkpoint-related genes in the CI
cluster was higher than in C2 and C3 clusters (Figure 9G).
In addition, TIDE was used to assess the likelihood of
these three clusters responding to immunotherapy, and
the results revealed the TIDE score of the C1 subgroup
was significantly higher than that of C2 and C3 subgroups,
while there was no significant difference between the C2
and C3 subgroups (Figure 9H). These results suggest the
risk score may be linked to immunotherapy and the C1
cluster may benefit most. We considered the absence of
significant differences in immune cell infiltration, immune
checkpoint activation, and TIDE scores between C2 and
C3 might be due to the limited number of patients included
in C3.

Evaluating chemotherapy and targeted therapy in the
three subgroups

We used IC50 to assess the sensitivity of several common
drugs in the three LUAD clusters. As presented in Figure 10,
multiple chemotherapeutic agents and targeted therapy
agents such as cisplatin, paclitaxel, nilotinib, sorafenib,
sunitinib, and BIBW2992 (afatinib) showed different
sensitivities in the three subgroups. This indicated the
risk signature we constructed could provide help for more
precise personalized medication for LUAD patients.

Discussion

At present, receiving effective treatment and obtaining a
good prognosis remain the main challenges facing cancer
patients. The TME is the direct site of tumor progression,
immune escape, and immunotherapy response, and it is
known that ferroptosis, necroptosis, and pyroptosis can
modulate tumor immune processes by influencing the
TME, respectively (22,49). Interestingly, extensive research
has revealed interactions among these PCDs. For example,
lytic cell death is the common endpoint of necroptosis
and pyroptosis, and an essential protein called caspase-8
serves as a switch for both (23). ZBP1 functions as a fungal
infection sensor to initiate pyroptosis and necroptosis (24),
and the inactivation of RIP3 kinase, which plays a key role
in necroptosis, can induce ferroptosis mediated by 15LOX/
PEBP1 (25). Given the versatility of IncRNAs in the human
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Figure 8 Estimating the tumor immune microenvironment and the effect of immunotherapy. (A) Distribution of immune cells between
high- and low-risk subgroups; (B) distribution of typical biological pathways between high- and low-risk subgroups; (C) the stromal,
immune, and ESTIMATE score of subgroups; (D) expression of immune checkpoints between the two subgroups; (E) correlation analysis
between risk score and partial immune checkpoints; (F) TIDE score of high- and low-risk subgroups. Adjusted P values are shown as: *,
P<0.05; **, P<0.01; ***, P<0.001. TIDE, T cell dysfunction and exclusion.
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body (50), they play an important role in the ferroptosis,
necroptosis, and pyroptosis of tumor cells (27-29), and most
literature has reported the prognostic value of prediction
models based on ferroptosis-IncRNA, necroptosis-IncRNA,
and pyroptosis-IncRNA in various cancers and their role
in immunotherapy (51-55). FNPRIncRNA, which plays
multiple identities in PCD, may be closely related to
cancer development and prognosis, and its study may be
a promising direction for understanding treatment and
prognosis. Here, we first explored IncRNAs associated
with ferroptosis, necroptosis, and pyroptosis in LAUD and
constructed a risk signature.

In our study, uni-Cox regression and multi-Cox regression
analyses confirmed the risk signature was an independent
prognostic factor of LUAD, with patients with low-risk
scores having a significantly better prognosis than those
with high-risk scores. Training, testing, and entire sets
confirmed the risk signature as a valuable biomarker that
can be used to predict prognosis and guide treatment
decisions. In addition, nomogram construction based
on patient risk characteristics, age, gender, tumor stage,
and other clinical variables is helpful for individualized
assessment.

GSEA was used to assess the enrichment of functions
and pathways in the two risk subgroups identified by the
risk signature. The results indicated multiple pathways
associated with immune-related diseases, functions
associated with gene regulatory processes, and functions
associated with T cell receptor complexes were all enriched
in the low-risk subgroup. T cell antigen receptors (TCR)
can help T cells effectively recognize autoantigens and
non-autoantigens, including recognizing the inappropriate
expression of endogenous proteins in cancerous tissues
and affecting T cell differentiation and function (44).
Such enrichment characteristics may be attributed
to the effect of PCD on immune cell infiltration and
immune activity. Previous studies have revealed enhanced
immune infiltration induced by ferroptosis, necroptosis,
or pyroptosis can enhance therapeutic effects (56-58).
Necrotizing tumor cells can induce the maturation of bone
marrow-derived DC after phagocytosis (17), and cells
that undergo necrotic apoptosis are involved in immune
system activation, particularly antigen presentation and
cross-activation of CD8" T cells (57,59). In addition, there
is evidence CD8" T cells inhibit tumor cells by inducing
ferroptosis, necroptosis, and pyroptosis (22,60,61), and
this study supports these conclusions. We analyzed the
differences in tumor immune cell infiltration between the
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risk subgroups from multiple perspectives and found the
infiltration of various immune cells, including CD8" T
cells, myeloid dendritic cells, and neutrophils in the low-
risk subgroup was significantly higher than in the high-
risk subgroup. Infiltrating immune cells constitute the
main component of an immune microenvironment and are
the core force of tumor immunity. Our results suggest the
low-risk subgroup has a more favorable tumor immune
microenvironment, which also predicts a better prognosis
for patients in that subgroup.

ICIs, represented by PD-1 and CTLA-4 inhibitors, have
benefited NSCLC patients in clinical trials (4,5), and the
expression level of the immune checkpoint can affect the
effectiveness of tumor immunotherapy (62). We analyzed
the correlation between the model and the expression of
common immune checkpoints, and the results revealed
the expression of most was significantly higher in the low-
risk subgroup than in the high-risk subgroup. In other
words, the low-risk subgroup may have more resistant
means to maintain a tumor-friendly immune environment
in the face of tumor immunity to diminish the efficacy
of immunotherapy. In addition, TIDE can analyze the
mechanism of tumor immune escape, which involves
inducing tumor T cell dysfunction in tumors with high
cytotoxic T lymphocyte (CTL) infiltration and preventing
T cell infiltration in tumors with a low CTL level, and
predict its clinical efficacy based on the tumor expression
profile before immunotherapy (45). Our analysis showed
the low-risk group had a higher TIDE score, suggesting
immune resistance and immune escape were more likely
to occur in the low-risk subgroup than in the high-risk
subgroup during immunotherapy. This suggests patients in
the low-risk subgroup may benefit less from immunotherapy
than those in the high-risk subgroup.Finally, three robust
molecular clusters (C1, C2, and C3) were identified based
on the expression of the six IncRNAs in the risk signature,
and the CI cluster presented the best advantage in immune
infiltration compared to C2 and C3 clusters. In addition,
the expression of immune checkpoints and TIDE scores
suggest C1 clusters may benefit less from immunotherapy
than C2 and C3 clusters. In addition, the pRRophetic
package of R (47), which can calculate drug sensitivity based
on gene expression in cancer cell lines, has been a significant
aid to the assessment of drug sensitivity in numerous studies
(63,64), and we evaluated the sensitivity of chemotherapy
and targeted therapy agents in three LUAD subgroups. Our
study provides a reference for the identification of different
populations susceptible to chemotherapy, targeted therapy,
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and immunotherapy, which may help the development of
individualized treatment for cancer.

We first explored IncRNAs associated with ferroptosis,
necroptosis, and pyroptosis in LAUD and constructed a
risk signature composed of FNPRIncRNAs, providing
a novel approach to exploring biomarkers related to
tumor prognosis and immunotherapy. In future clinical
applications, our risk signature may provide an effective
prediction of the immune landscape, therapeutic benefits,
and prognosis of LUAD patients. However, this study
has some limitations. First, the six IncRNAs involved in
constructing the risk signature must be verified by specific
biological studies. Second, to increase the reliability of the
signature, subsequent effective external validation based on
realistic studies is required and will be the direction of our
subsequent research.

Conclusions

In conclusion, we have developed a biomarker according
to IncRNAs associated with ferroptosis, necroptosis, and
pyroptosis, which can effectively predict the prognosis of
LUAD and may contribute to the individualized treatment
of LUAD patients.
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Supplementary

Table S1 Ferroptosis, necroptosis, and pyroptosis-related genes

Ferroptosis-gene Necroptosis-gene Pyroptosis-gene
PTG STMN1 NEDD4L IFNG BRD7 ALK BAK1
DUSP1 RRM2 BRD2 ANO6 SLC25A28 APP BAX
NOS2 CAPG BRD3 LPINT MFN2 ATRX CASP1
NCF2 HNF4A BRDT TNFAIP3 SLC11A2 AXL CASP3
MT3 NGB DECR1 TLR4 ZFAS1 BACH2 CASP4
UBC YWHAE GLRX5 ATM TSC1 BCL2 CASP5
ALB GABPBT1 NCOAS3 YY1AP1 TGFB1 BCL2L11 CHMP2A
TXNRD1 AURKA NR5A2 EGLN2 SNCA BIRC2 CHMP2B
SRXN1 MIR4715 PANX2 MIOX CGAS BIRC3 CHMP3
GPX2 RIPK1 RHEBP1 TAZ STING1 BNIP3 CHMP4A
BNIP3 PRDX1 TFAP2A MTDH HDDC3 BRAF CHMP4B
OXSR1 MIR30B CcP IDH1 MIR761 CASP8 CHMP4C
SELENOS MMP13 ARF6 SIRT1 MDM2 CD40 CHMP6
ANGPTL?7 LRRFIP1 ABHD12 FBXW7 MDM4 CDC37 CHMP7
CHACT1 AKR1C1 PPP1R13L PANX1 DLD CDKN2A CYCS
SLC7A11 AKR1C2 TFAM DNAJB6 WWTR1 CFLAR ELANE
DDIT4 AKR1C3 KDM3B BACH1 PRKCA CXCL8 GSDMD
LOC284561 RB1 RNF113A LONP1 EPAST1 CYLD GSDME
ASNS HSF1 AHCY CcDh82 HILPDA DDX58 GzZMB
TSC22D3 GCLC circ-TTBK2 IL1B CirclL4R DIABLO HMGB1
DDIT3 SQSTM1 MIR522 CTSB CDH1 DNMT1 IL18
JDP2 NQOT1 IDH2 POR MIR214 EGFR ILTA
SESN2 MUC1 PPARA CYB5R1 HIC1 FADD IL1B
SLC1A4 MT1G SIAH2 ELOVL5 DRD5 FAS IRF1
PCK2 CISD1 PRKAA2 FADS1 DRD4 FASLG IRF2
TXNIP FANCD2 VDR FBW?7 MAP3K5 FLT3 TP53
VLDLR FTMT NEDD4 PTEN MAPK14 GATA3 TP63
GPT2 HSPA5 AR NR1D1 SLC2A1 HAT1 AIM2
PSAT1 TP53 MTF1 NR1D2 SLC2A3 HDAC9 CASP6
LURAPTL HELLS CS TBK1 SLC2A6 HMGB1 CASP8
SLC7A5 SCD EMC2 usp7 SLC2A8 HSP90AA1 CASP9
HERPUD1 FADS2 NOX1 miR-182-5p SLC2A12 HSPA4 GPX4
XBP1 SRC CYBB miR-378a-3p GLUT13 ID1 GSDMA
ATF3 STAT3 NOX3 AQP3 SLC2A14 IDH1 GSDMB
SLC3A2 PML NOX4 AQP5 EIF2AK4 IDH2 GSDMC

Table S1 (continued)
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Table S1 (continued)

Ferroptosis-gene Necroptosis-gene Pyroptosis-gene
CBS MTOR NOX5 AQP8 ALOX5 IPMK IL6
ATF4 NFS1 DUOX1 LINC00618 ALOX12 ITPK1 NLRC4
ZNF419 TP63 DUOX2 MT1DP ALOX15 KLF9 NLRP1
KLHL24 CDKN1A G6PD PEX10 ACSF2 LEF1 NLRP2
TRIB3 MIR137 PGD PEX12 IREB2 MAP3K7 NLRP3
ZFP69B ENPP2 FLT3 CHP1 HMGB1 MAPK8/JNK NLRP&
ATP6V1G2 VDAC2 SCP2 GPAT4 ELAVL1 MLKL NLRP7
VEGFA FH ACSL4 BRPF1 TFAP2C MPG NOD1
GDF15 CISD2 LPCAT3 OSBPL9 SP1 MYC NOD2
TUBE1 MIR9-1 NRAS INTS2 HBAT1 MYCN PJVK
ARRDC3 MIR9-2 KRAS MMD NNMT NLRP3 PLCGT1
CEBPG MIR9-3 HRAS CYP4F8 PIR OTULIN PRKACA
SNORAT16A ISCU TFR2 MLLT1 HCAR1 PANX1 PYCARD
RGS4 ACSL3 SLC38A1 TTPA SLC16A1 PLK1 SCAF11
BLOC1S5-TXNDC5 OTUBT SLC1A5 GRIA3 NR4A1 RIPK1 TIRAP
LOC390705 CD44 GLS2 EPT1 PIK3CA RIPK3 TNF
EIF2S1 LINC00336 GOT1 POM121L12 RPTOR RNF31 GZMA
KIM-1 BRD4 CARS1 LIG3 SREBF1 SIRT1

IL6 PRDX6 KEAP1 AEBP2 SREBF2 SIRT2

CXCL2 MIR17 ATG5 AGPS FzZD7 SIRT3

RELA NF2 ATG7 CDCAS3 P4HB SLC39A7

HSD17B11 ARNTL NCOA4 PEX2 NT5DC2 SPATA2

AGPAT3 HIF1A ALOX12B PEX6 BCAT2 SQSTM1

SETD1B JUN ALOX15B TIMM9 PLA2G6 STAT3

HMOX1 CA9 ALOXE3 DCAF7 MIR424 STUBT

TF TMBIM4 PHKG2 LCE2C PARK7 TARDBP

FTL PLIN2 ACOf1 FART1 FXN TERT

RPL8 MIR212 G6PDX PHF21A SUV39H1 TLR3

ATP5MC3 Fer1HCH ULK1 SMAD7 ATF2 TLR4

TFRC AIFM2 ATG3 LYRM1 ACOT1 TNF

MAFG LAMP2 ATG4D AMN ALDH3A2 TNFRSF1A

IL33 ZFP36 BECN1 PEX3 STK11 TNFRSF1B

FTH1 PROM2 MAP1LC3A MTCH1 FNDC5 TNFRSF21

SLC40A1 CHMP5 GABARAPL2 ACADSB PLIN4 TNFSF10

GPX4 CHMP6 GABARAPL1 PVT1 ATG13 TRAF2

Table S1 (continued)
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Table S1 (continued)

Ferroptosis-gene Necroptosis-gene Pyroptosis-gene
HAMP CAV1 ATG16L1 hsa_circ_0008367 ULK2 TRIM11

HSPB1 GCH1 WIPI1 SLC39A14 SAT1 TSC1

NFE2L2 SIRT3 WipPI2 MAP3K11 EGFR Usp22

STEAP3 DAZAP1 SNX4 GSK3B MAPK3 ZBP1

ABCC1 MAPK9 SOCS1 DPP4 MAPK1

MIR6852 LINC00472 CDO1 CDKN2A BID

ACVRI1B PRKAA1 MYB PEBP1 ZEB1

TGFBR1 BAP1 MAPK8

Table S2 39 DEFNPRIncRNAs associated with LUAD prognosis obtained by univariate COX analysis in the training set

DEFNPRIncRNA HR HR.95L HR.95H P value

AC097634.1 0.296376 0.094248 0.931993 0.037484
AL590729.1 0.291248 0.100106 0.847355 0.023577
AC092145.1 0.034597 0.001569 0.762938 0.033056
NFYC-AS1 0.47964 0.279161 0.824092 0.007801
AL031600.2 0.108891 0.015971 0.742409 0.023569
AC105429.1 0.177735 0.031802 0.993337 0.049117
MIR155HG 0.682905 0.472497 0.987011 0.042404
AC018529.1 0.242293 0.068714 0.854359 0.02747

AC006017.1 0.401667 0.202982 0.79483 0.008809
AC090559.1 0.684617 0.481068 0.974291 0.035323
AC109809.1 0.185872 0.042222 0.81826 0.026067
AC018682.1 0.199326 0.057332 0.692994 0.011187
AL109811.1 0.054517 0.005913 0.502668 0.010263
AC107021.2 2.647579 1.399005 5.010472 0.002775
AC068724.2 0.211498 0.055408 0.80731 0.023017
AC006033.2 0.341857 0.129464 0.902689 0.030264
DHDDS-AS1 0.435714 0.204082 0.930247 0.031809
AP005131.2 0.269848 0.101001 0.720959 0.008989
MIR223HG 0.503342 0.320803 0.789749 0.002817
AC091132.2 0.21853 0.061051 0.782221 0.019415
AC010999.2 0.187356 0.043307 0.810541 0.025023
AC025917.1 0.420113 0.217394 0.811869 0.00988
AP003170.3 0.571583 0.357632 0.913527 0.019387
AC027277.2 0.524044 0.278345 0.986625 0.04532

Table S2 (continued)
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Table S2 (continued)

DEFNPRIncRNA HR HR.95L HR.95H P value

Clorf147 0.166485 0.033105 0.837257 0.029593
ACO008764.8 0.312561 0.126694 0.771103 0.011598
LINCO1281 0.279087 0.089226 0.872948 0.028271
EML4-AST 0.476838 0.23088 0.984813 0.045358
AC025287.3 0.472404 0.244941 0.911099 0.025235
AL117379.1 0.650785 0.432726 0.978728 0.039091
AC012676.4 0.251232 0.072115 0.875234 0.030065
LINCO1150 0.477776 0.266014 0.858112 0.013431
AC245060.5 0.429378 0.193997 0.950354 0.037017
AL513327.2 0.401946 0.184328 0.876482 0.021939
AC084876.1 0.260184 0.090495 0.748058 0.012466
AL662844.3 0.522568 0.277015 0.985785 0.045051
AP000692.1 0.501546 0.260109 0.967089 0.039412
ACO013731.1 0.481349 0.23431 0.988846 0.046536
VIPR1-AS1 0.199942 0.051756 0.772406 0.019571
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Table S3 Enriched pathways of differentially expressed ferroptosis, necroptosis, and pyroptosis-related IncRINAs (DEFNPRIncRNAs) in gene set
enriched analysis (GSEA)

ID Set Size  Enrichment Score NES P value p adjust
KEGG_RIBOSOME 85 0.677049994 2.558504478 1.00E-10 9.05E-09
KEGG_SYSTEMIC_LUPUS_ERYTHEMATOSUS 108 -0.710980228 -1.940372173 1.00E-10 9.05E-09
KEGG_CELL_CYCLE 121 0.559875559 2.154064866 2.91E-09 1.75E-07
KEGG_DNA_REPLICATION 35 0.641143892 2.140640245 6.20E-05 0.002804636
KEGG_ASTHMA 20 -0.803197454 -1.830787777 8.16E-05 0.002952227
KEGG_AMINOACYL_TRNA_BIOSYNTHESIS 41 0.588704243 2.018529945 0.000136213 0.004109084
KEGG_CITRATE_CYCLE_TCA_CYCLE 29 0.67867263 2.177369713 0.000217309 0.005619
KEGG_PYRIMIDINE_METABOLISM 89 0.457786397 1.752069557 0.000264636 0.005987391
KEGG_SPLICEOSOME 125 0.409563054 1.566276565 0.00036966 0.007394432
KEGG_PRIMARY_IMMUNODEFICIENCY 29 -0.732827137 -1.753412404 0.000408532 0.007394432
KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_ 36 -0.690646242 -1.702073234 0.000722683 0.011891416
IGA_PRODUCTION

KEGG_ALLOGRAFT_REJECTION 30 -0.711852723 -1.713228272 0.001016874 0.014210596
KEGG_OOCYTE_MEIOSIS 94 0.424173544 1.627900154 0.001020651 0.014210596
KEGG_CYTOKINE_CYTOKINE_RECEPTOR_ 193 -0.497543103 -1.388818348 0.002841718 0.034029241
INTERACTION

KEGG_ALZHEIMERS_DISEASE 147 0.341875523 1.366955603 0.002960375 0.034029241
KEGG_VIRAL_MYOCARDITIS 58 -0.606481286 —-1.578814224 0.003284403 0.034029241
KEGG_PROTEIN_EXPORT 24 0.615399897 1.897058724 0.003411975 0.034029241
KEGG_GLYCOLYSIS_GLUCONEOGENESIS 47 0.478586351 1.687567289 0.003680804 0.034029241
KEGG_MISMATCH_REPAIR 22 0.632328294 1.896171814 0.003692683 0.034029241
KEGG_T_CELL_RECEPTOR_SIGNALING_PATHWAY 99 -0.546019223 -1.47874917 0.003843622 0.034029241
KEGG_ADIPOCYTOKINE_SIGNALING_PATHWAY 59 0.44309512 1.654682605 0.004057957 0.034029241
KEGG_RNA_POLYMERASE 25 0.585514379 1.808411381 0.004136151 0.034029241
KEGG_PPAR_SIGNALING_PATHWAY 55 0.448860752 1.646820579 0.005289291 0.041624424
KEGG_ECM_RECEPTOR_INTERACTION 71 0.41407957 1.543053061 0.008267676 0.058901251
KEGG_PENTOSE_PHOSPHATE_PATHWAY 23 0.584395533 1.772135306 0.008370941 0.058901251
KEGG_HEMATOPOIETIC_CELL_LINEAGE 71 -0.571172228 -1.511124688 0.008460953 0.058901251
KEGG_CHEMOKINE_SIGNALING_PATHWAY 164 -0.488582964 -1.358997298 0.010019056 0.067164784
KEGG_PORPHYRIN_AND_CHLOROPHYLL_ 26 0.552550408 1.696486906 0.010776746 0.068703656
METABOLISM

KEGG_P53_SIGNALING_PATHWAY 65 0.416548859 1.536827287 0.011143915 0.068703656
KEGG_HISTIDINE_METABOLISM 25 0.536139069 1.655911499 0.011387346 0.068703656
KEGG_ALANINE_ASPARTATE_AND_GLUTAMATE_ 26 0.537372693 1.649887004 0.014252989 0.083219064
METABOLISM

Table S3 (continued)
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Table S3 (continued)

ID Set Size  Enrichment Score NES P value p adjust
KEGG_PHENYLALANINE_METABOLISM 17 0.591573754 1.648799193 0.01786944 0.097530211
KEGG_COMPLEMENT_AND_COAGULATION_ 58 0.407681044 1.518451847 0.018093584 0.097530211
CASCADES

KEGG_MATURITY_ONSET_DIABETES_OF_THE_ 12 0.694483253 1.834497263 0.018320592 0.097530211
YOUNG

KEGG_PENTOSE_AND_GLUCURONATE _ 14 0.63069687 1.736192036 0.01939764 0.10031351
INTERCONVERSIONS

KEGG_ARGININE_AND_PROLINE_METABOLISM 48 0.427683217 1.514219157 0.023241572 0.116853459
KEGG_B_CELL_RECEPTOR_SIGNALING_PATHWAY 72 -0.532316586 —-1.409059675 0.025850661 0.126458637
KEGG_LEISHMANIA_INFECTION 67 -0.528980578 -1.396374238 0.026567481 0.126545109
KEGG_AUTOIMMUNE_THYROID_DISEASE 30 -0.616239394 -1.483114018 0.031233858 0.144957138
KEGG_HUNTINGTONS_DISEASE 163 0.280222792 1.10915853 0.03296712 0.146783239
KEGG_BASE_EXCISION_REPAIR 34 0.446751238 1.481943392 0.033762234 0.146783239
KEGG_STARCH_AND_SUCROSE_METABOLISM 26 0.499610957 1.533947734 0.034060199 0.146783239
KEGG_FOLATE_BIOSYNTHESIS 10 0.663879399 1.636170894 0.035020611 0.147412338
KEGG_STEROID_HORMONE_BIOSYNTHESIS 29 0.468512046 1.503116366 0.038622509 0.158878958
KEGG_PARKINSONS_DISEASE 119 0.322653761 1.256049595 0.041881111 0.168455137
KEGG_TERPENOID_BACKBONE_BIOSYNTHESIS 14 0.575479075 1.584187643 0.044692133 0.175853827
KEGG_PURINE_METABOLISM 135 0.303960534 1.197877609 0.049660037 0.191243972
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Figure S2 Immune-infiltrating cells significantly associated with risk score calculated by CIBERSORT-ABS (P<0.05).
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Figure S3 Heatmap for immune cell infiltration landscape based on the CIBERSORT, CIBERSORT-ABS, QUANTISEQ, XCELL,
MCPCOUNTER, EPIC, and TIMER algorithms among LUAD clusters (C1, C2, and C3). LUAD, lung adenocarcinoma.

© Journal of Thoracic Disease. All rights reserved. https://dx.doi.org/10.21037/jtd-22-1151



