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ABSTRACT

Long non-coding RNAs (IncRNAs) play an important role in various biological processes of lung adenocarcinoma
(LUAD), such as immune response regulation, tumor microenvironment remodeling and genomic alteration.
Nevertheless, immune-related IncRNAs and their immune and genomic alterations characteristics in LUAD
samples still remain unreported. Here, using various public databases, statistic and software tools, we
constructed two immune-related IncRNA clusters with different immune and genomic alterations
characteristics. Notably, cluster 1 had a stronger immunosuppressive tumor microenvironment (TME) and a
higher mutation frequency than cluster 2, especially the mutant genes, such as Kelch-like ECH-associated
protein 1 (KEAP1) and Toll-like receptor 4 (TLR4). In cluster 1, both the amplified and deleted portions of copy
number variation (CNV) segments were enriched and cyclin dependent kinase inhibitor 2A (CDKN2A) was
significantly deleted. GSVA analysis revealed that these immune-related IncRNAs may be involved in stem cell
and EMT functions. Furthermore, cluster 1 was related to worse prognosis of LUAD patients. Therefore, we
constructed two immune-related and prognostic IncRNA clusters and identified their immune and genomic
alterations characteristics in LUAD samples, which could well divide LUAD patients into different immune
phenotypes and help to understand immune molecular mechanisms of LUAD.

INTRODUCTION targeted therapies have improved clinical therapies [3].
Recently, immunotherapy strategies have exhibited an
unexpected antitumor effect in LUAD [4, 5]. However,

fewer patients respond to this therapy, and there is no

Lung adenocarcinoma (LUAD) is the most prevalent
pathological subtype of non small cell lung cancer

(NSCLC), which accounts for approximately 40% of
lung cancer worldwide [1, 2]. The average 5-year
survival rate of patients with LUAD is only 18%,
although comprehensive treatments such as surgery and

clearly molecular stratification of the patients [6, 7].
Thus, deeply understanding of immune molecular
mechanisms and underlying subtypes of LUAD is of
great significance for more effective treatment options.
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Long non-coding RNAs (IncRNAs) are non-coding
RNAs without protein-coding capacity and are >200
nucleotides (nt) long [8]. LncRNA functions have been
discovered in chromatin interactions, transcriptional
regulation, RNA processing, mMRNA stability or
translation, and signal cascade regulation [9-14].
Increasing evidence shows that IncRNASs can regulate not
only the innate immune response but also the more
sophisticated adaptive immune response as well as
immune cell development [15-18]. Moreover, INcRNAs
may be pivotal regulators in remodeling the tumor
microenvironment (TME) [17, 19, 20], which forms
complex and heterogeneous environments consisting of
multiple cells, such as infiltrating immune cells and
stromal cells [21]. For instance, Inc-EGFR also acts as an
immune-suppressor by promoting regulatory T cells
differentiation in hepatocellular carcinoma [22]. NF-xB
interacting  NKILA (an IncRNA) enhances T cell
sensitivity to activation-induced cell death by
mechanically inhibiting NF-«xB signaling [23]. Lymph
node metastasis associated transcript 1 (LNMATZ1), also
a new IncRNA, is involved in the regulation of C-C motif
chemokine ligand 2 (CCL2) recruiting macrophages into
the tumor [24]. The involvement of INcRNAs in immune
regulation is complicated, and many key immune
regulatory InNcRNAs have not yet been identified. Hence,
it is urgent needed to identify new immune-related
IncRNAs and elucidate their interactions with immune
system in TME.

The development and progression of cancer involve
various types of genomic alterations, including somatic
mutations, copy number variation (CNV), and other
changes in gene expression [25]. Somatic mutations are
considered the initiator of cancer by altering genetic and
epigenetic mechanisms [26]. CNVs can cause
heterogeneity of genomic and molecular phenotypes,
leading to the occurrence and development of complex
diseases including cancer [27, 28]. Multidimensional
genomics data provide more extensive insights into the
genomic alterations affected by IncRNAs through
various effects [29, 30]. For instance, the prognostic in
lung adenocarcinoma LncRNA1l (PILAR1), a new
prognostic INCRNA, is associated with a high mutation
rate of Kelch-like ECH-associated protein 1(KEAP1)
[31]. LOC101927151, LINC00861 and LEMD1-AS1
are LncRNAs with transcriptional dysregulation caused
by CNV abnormality and are prognostic biomarkers in
ovarian cancer [28]. Although several IncRNAs have
been shown to be involved in genomic alterations, the
relationship between immune-related IncRNA and
genomic alterations in LUAD still remain unreported.

In this study, we firstly generated the co-expression
network of the immune-related mMRNASs and IncRNAs to
obtain 147 immune-related and prognostic INCRNAs.

Then we constructed two immune-related IncRNA
clusters in LUAD samples. Further, we analyzed the
characteristics of immune microenvironment and
genomic alterations, including somatic mutations, CNVs
in different immune-related IncRNA clusters. Finally,
we investigated whether immune-related IncRNA
clusters could predict the prognosis of the patients.

RESULTS

Identification of immune-related IncRNAs and
MRNAS

To screen for immune-related mMRNAs, we firstly
compared the mRNA data of TCGA database and
ImmPort database and took the intersection to obtain the
immune-related mMRNA (1679 immune-related mRNAS).
Later, we compared the IncRNAs data of TCGA and
GEO database with Ensembl database and took the
intersection. Thus, about 4472 annotation INCRNAs were
obtained. Finally, we sorted IncRNAs according to the
number of co-expressed INcRNAs and immune-related
MRNAs (degree) to obtain immune-related INcRNAs
(Supplementary Table 1). The flow chart of this study
was shown in Figure 1.

To screen for immune-related IncRNAs, we calculated
Co-expression analysis and generated the co-expression
network map between immune-related IncRNAs and
MRNAs. The correlation analysis was determined by
Pearson’s correlation. LncRNAs with correlation
coefficient > 0.5 and P< 0.05 were used for further
analysis. Cytoscape software version 3.6.0 was used to
visualize the resulting network. As shown in Figure 2,
Blue is immune-related mRNA and red is co-expressed
IncRNA.

Identification of prognostic value of immune-related
INcRNAs

In order to find the immune-related INcRNAs related to
the prognosis, we annotated the above IncCRNAs and
clinic information and performed the influence of each
InNcRNA on prognosis. Prognostic analysis was
performed on IncRNAs by univariate Cox regression.
The threshold value was set at P< 0.05, and 147 immune-
related IncRNAs with significant prognostic value were
eventually obtained (Supplementary Table 2).

Construction immune-related IncRNA clusters

To separate LUAD samples into tumor clusters with
different immune phenotypes based on immune-related
IncRNA, we mapped 147 immune-related IncRNAs to
the expression profile of LUAD samples to perform
consistent clustering using CCP tool. The maximum
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number of clusters was set to 6 (Figure 3A). CCP
analysis revealed the most stable results when divided
into two tumor clusters, which were named cluster 1
and cluster 2 (Figure 3B, 3C). Figure 3D showed the
expression of immune-related IncRNA in two clusters.
Red is high expression and green is low expression.
Yellow represents cluster 1 and blue represents cluster 2.

Comparison of composition and immune cells
infiltration of TME in different immune-related
IncRNA clusters

ESTIMATE algorithm was used to calculate immune
score, stromal score and tumor purity (estimate score)
according to the gene expression profiles data of 500
LUAD samples. Then we analyzed the disparities of
immune score, stromal score, and tumor purity (estimate
score) in different immune-related INcRNA clusters. The
cluster 2 had higher immune score, and lower tumor
purity than the cluster 1 (Figure 4A, P<0.001; Figure 4C,
P<0.001). Similarly, the cluster 2 also had higher
stromal score, although these differences were not
statistically significant (Figure 4B, P=0.468).

The CIBERSORT method was used to estimate the
immune cell composition of 500 LUAD samples and
quantify the relative levels of different cell types in a
mixed cell population. All results were normalized
relative proportions by cell type. Heat map showed the
relative levels comparison of different immune cell
types in LUAD samples (Figure 4D, left). There were
differences in 5 types of immune cells. The relative
levels of immune cell types in cluster 1 were higher
than the cluster 2, such as Macrophages M0 (P=0.002),
Macrophages M2 (P=0.003), Mast cells activated
(P=0.002), Neutrophils (P<0.001), apart from B cells
memory (P=0.004), which was lower in cluster 1
(Figure 4D, right).

Pathways enrichment analysis

We performed GSVA analysis on different genes in
different immune-related IncRNA clusters to obtain the
changes of related pathways. Heat map showed the
change of different samples in cluster 1 and cluster 2
(Figure 4E). The color changes from green to red,
indicating an increase in the value of the enriched score.
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Figure 1. The flow chart of this study.
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Yellow represents cluster 1 and blue represents cluster
2. Unsupervised clustering of the average gene set score
could clearly separate the cluster 1 and cluster 2. GSVA
analysis showed that differential pathways were related
to stem cell biology and EMT.

Comparison of somatic mutations associated with
immune activation in different immune-related
InNcRNA clusters

To identify the disparities of mutated genes in different
immune-related INcRNA clusters, we selected the top 20

® Immune related mRNA

® Immune related LncRNA
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N
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mutated genes with the highest number from each
cluster to generate different mutation spectrum. As
shown in Figure 5A, significant disparities could be
found in these mutant genes between cluster 1 and
cluster 2, such as, KEAP1 (21% vs 12%) and TLR4
(13% vs 7%). Figure 5B showed the mutation
characteristics of the genes in cluster 1. The results
showed the variant classification, variant type, and SNV
class in cluster 1 (Figure 5B, above) and variants per
sample, variant classification summary, and top ten
mutated genes (Figure 5B, below). Figure 5C showed
similar results for cluster 2, but with some differences.
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Figure 2. The co-expression network map between immune-related mRNAs and IncRNAs in LUAD. Blue represents immune-
related mRNA and red represents co-expressed IncRNA. IncRNA: long non-coding RNA; LUAD: lung adenocarcinoma.
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The number of each SNV class in cluster 1 were more
than cluster 2. The top 10 mutant genes in cluster 1
were TTN(49%), MUC16(41%), CSMD3(39%), RYR2
(38%), LRP1B(32%), TP53(48%), USH2A(33%),
ZFHX4(32%), SPTAL1(27%), and KRAS(28%). While
the top 10 mutant genes in cluster 2 were TTN(38%),
MUC16(35%), RYR2(32%), CSMD3(34%), LRP1B
(32%), TP53(46%), USH2A(28%), ZFHX4(27%),
FLG(28%), and KRAS(26%). The top 10 mutation
genes and mutation frequencies of cluster 1 and cluster
2 were not significantly different, except for TTN
(different frequencies), SPTA1l and FLG (different
genes).
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Comparison of CNVs profile in different immune-
related INcRNA clusters

We analyzed CNVs data of 497 LUAD samples and
extracted the copy number spectrum of IncRNA. As
shown in Figure 5D, the disparities of CNV segments
between cluster 1 and cluster 2 were identified, and both
the amplified and deleted portions were enriched in
cluster 1. In addition, we used a GISTIC algorithm to
identify frequently changing areas in LUAD genome.
Many areas were found with significant copy
amplification and deletion of IncRNAs (Figure 5E,
Figure 5F).

|0
N =

Cluster 1 Cluster 2

e

Figure 3. Unsupervised clustering of LUAD using immune-related IncRNA expression data. (A) Consensus CDF plot and consensus
index for k =2 to 6 are represented. X axis represents consensus index, Y axis represents CDF. (B) Cumulative distribution function graph of
the consistency matrix at K = 2. The blue and white heatmap displays sample consensus. (C) Delta area score map. X-axis represents the
number of clusters and Y-axis represents the relative increase in cluster stability. (D) Heat map represents the expression of immune-related
IncRNA in cluster 1 and cluster 2. Red represents high expression and green represents low expression. CDF: Cumulative Distribution

Function.
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Identification of prognostic value of immune-related
IncRNA clusters in the training and validation group

To investigate the prognostic of immune-related INCRNA
clusters, the dataset from TCGA, including 500 LUAD
samples was used as a training group. All patients of
training group were classified into cluster 1 and cluster 2
according to immune-related IncRNAs. Kaplan-Meier

survival curves showed that cluster 1 has shorter overall
survival (OS) than cluster 2 (Figure 6A, P=0.005).

Two independent validation datasets GSE31210 and
GSE50081 were applied to verify the reliability of the
immune-related IncRNA clusters impact on the
prognosis of the patients. Kaplan-Meier survival curves
based on the immune-related IncRNA cluster were both
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Figure 4. Comparison of composition and immune cells infiltration of the tumor immune microenvironment in LUAD
samples and GSVA pathways analysis with differential enrichment. (A-C) Comparison of composition of TME (immune score,
stromal score, and tumor purity) between cluster 1 and cluster 2. (D, left) Heat map represents the relative levels comparison of different
immune cell types. The darker the blue, the higher the expression. (D, right) Comparison of immune cells infiltration (Macrophages MO,
Macrophages M2, Mast cells activated, Neutrophils, B cells memory). (E) Heat map represents the the changes of related pathways in cluster
1 and cluster 2. The color changes from green to red, indicating an increase in the value of the enriched score. Yellow represents cluster 1 and
blue represents cluster 2. TME: tumor microenvironment; GSVA: Gene Set Variation Analysis.
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significantly different in validation datasets GSE31210
and GSE50081 (Figure 6B, P=0.028; Figure 6C,
P=0.031). Similarly, the survival rates for cluster 1 were
both lower than that of cluster 2 throughout the follow-

DISCUSSION

With the development of large-scale sequencing
technology and bioinformatics methods, INcRNAs have

up time. been revealed to be involved in carcinogenesis and
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Figure 5. Comparison of mutant genes associated with immune activation and CNVs profile. (A) Mutation spectrum of the top 20
mutated genes with the highest number in cluster 1 and cluster 2. (B, C, above) The variant classification, variant type, and SNV class in
cluster 1 and cluster 2. (B, C, below). Variants per sample, variant classification summary, and top ten mutated genes. (D) Comparison of
CNVs profile (amplification and deletion) in cluster 1 and cluster 2. Yellow represents cluster 1 and blue represents cluster 2. Red represents
the amplified portions and green represents deleted portions. (E, F) Areas with significant copy amplification and deletion of IncRNAs. G-
scores (left) are normalized values of the amplification/ deletion signals and indicate the degree of gene amplification/ deletion. The larger
the G-scores, the greater the degree of gene amplification/ deletion. The Q value (right) is the significance level of the amplification/ deletion,
and the green line represents the threshold value of the significance level with Q value = 0.25. CNVs: copy number variations; SNV: single
nucleotide variant.
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cancer development [13, 29, 32]. Accumulating studies
have also demonstrated the significance of InCRNAs in
LUAD, including roles as drivers of tumor-suppressive
and oncogenic functions, micro-RNA competitors,
and diagnostic biomarkers [33-35]. Recently, the
involvement of IncRNAs in immune regulation have
been widely reported [15-18]. Therefore, immune-related
INcRNAs may be used to explore different immune
stratification and analyze their mechanism characteristics
in LUAD. In our study, we obtained 147 immune-related
and prognostic INcRNAs and constructed two immune-
related IncRNA clusters group using 500 LUAD samples
from TCGA.

Interestingly, we found two clusters of LUAD samples
based on immune-related IncRNAs with significant
differences in immune microenvironment and genomic
alterations. Infiltrating immune cells are an integral
component of TME and play an important role in
shaping the TME [36, 37]. Previous reports have
provided elegant analysis how IncRNAs involve innate
and adaptive immune responses by modulating the
functional status of immune cells [15-18, 22-24]. We
analyzed composition and immune cell types of the
TME in different immune-related IncRNA clusters. The
results showed that the cluster 1 had lower immune
score, and higher tumor purity than the cluster 2.
Simultaneously, there were differences in 5 types of
immune cells. The relative levels of immune cell types
in cluster 1 were higher than the cluster 2, such as
Macrophages MO (P=0.002), Macrophages M2
(P=0.003), Mast cells activated (P=0.002), Neutrophils
(P<0.001), apart from B cells memory(P=0.004), which
was lower in cluster 1. The 5 types of immune cells are
thought to be involved in the regulation of innate and
adaptive immune responses and play an important role
in anti-tumor immunity. M2 macrophages play a
suppressive role in immune function. Our result showed
that the immune score in cluster 1 was low, and the
components of most macrophages (MO and M2) were
relatively high, indicating a stronger immunosuppressive
response in clusterl. The above results suggested that
cluster 1 had a stronger immunosuppressive TME than
cluster 2 in LUAD samples.

To further characterize the relationship between
immune-related IncRNA clusters and cancer cell
phenotypes, genes from the MsigDB gene set related
to EMT, stem cells, hypoxia, and proliferation were
used [38]. GSVA analysis on the differential genes
between cluster 1 and cluster 2 was also performed to
obtain the changes of related pathways. The result
showed that differential pathways were related to stem
cell biology and EMT. The cluster 1 and cluster 2
were clearly separated using the GSVA method.
These results revealed that these immune-related

IncRNA clusters may be involved in stem cell and
EMT functions.

The majority of work to date have confirmed the somatic
mutations were an essentiality of carcinogenesis
and cancer development [26, 29, 39]. A recent study
comprehensively evaluated the properties of INCRNAs
from different cancer types in an attempt to to
explore the associations between somatic mutations and
INcRNA expression [29]. LncRNAs were commonly
downregulated and carried low mutation frequencies and
non-silent mutations in most cancer types and were
determined with several conserved and cancer specific
functions. In our study, we identified the characteristics
of mutation spectrum in different immune-related
IncRNA clusters. The results showed that KEAP1 (21%
vs 12%), and TLR4 (13% vs 7%) had significant
differences between cluster 1 and cluster 2. Studies had
shown that activation of the Nrf2 protein and its
regulatory signaling pathways caused by KEAP1
mutations is conducive to the survival of lung cancer
cells and resistance to chemotherapy drugs [40]. Toll-
like receptors (TLRs) are highly conserved during
evolution, are widely expressed in immune cells, and
play an important role in triggering inflammatory
responses in the innate immune system [41]. Evading
immune destruction is an important sign of cancer
development. There is a definitive link between chronic
inflammation and cancer, where TLRs play an important
role in the immune response against tumor cells.
Recently, TLRs were found on tumor cells, and their
activation may coordinate downstream signaling
pathways that play a vital role in tumorigenesis and
tumor progression [42]. As a lung cancer cell sensor,
TLR4 regulate lung cancer progression in terms of cell
growth, invasion, angiogenesis, and tumor stem cell
behavior [43]. The above results suggested that there
was a difference in the mutation spectrum of cluster 1
and cluster 2, and cluster 1 had a higher mutation
frequency than cluster 2, especially the mutant genes,
such as KEAPL and TLR4, that played a key role in the
progression of lung cancer.

CNVs can lead to different degrees of differential gene
expression, and multiple CNVs in the genome can cause
heterogeneity of genomic and molecular phenotypes,
leading to the occurrence and development of complex
diseases including cancer [27, 28]. We analyzed CNVs
data of 497 LUAD and extracted the copy number
spectrum of IncRNA. The disparities of CNV segments
between cluster 1 and cluster 2 were identified, and both
the amplified and deleted portions were enriched in
cluster 1. A query revealed that the tumor suppressor
gene CDKN2A (cyclin dependent kinase inhibitor 2A)
was significantly deleted in cluster 1 in the 9p21.3
region. CDKN2A is frequently inactivated in many
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malignant tumors, and is closely related to lung cancer
progression. The above results suggested that there was
a difference in the CNV segments of cluster 1 and
cluster 2, and immune-related IncRNA may be
associated with the occurrence and development of
LUAD.

Finally, we investigated whether immune-related
IncRNA clusters could predict the prognosis of the
LUAD patients. Immune-related IncRNA clusterization
analysis can well divide LUAD patients into cluster 1
and cluster 2 in the training and validating group, and
cluster 1 was related to worse prognosis of LUAD
patients. The above finding confirmed that the immune-
related InNcRNA cluster had reliable prognostic value.

In conclusion, we constructed two immune-related and
prognostic INcCRNA clusters with significant differences
in immune microenvironment and genomic alterations
in LUAD samples. The immune-related IncRNA
clusterization analysis of LUAD samples provided a
new insight into the stratification of patients with
different immune phenotypes as well as in-depth
understanding of immune molecular mechanisms in
LUAD. This study also has certain limitations. Firstly,
this study only analyzed the immune-related INCRNA
and genetic data in LUAD samples, but not the normal
paired lung tissue. Secondly, this study is a
bioinformatic and retrospective research. Due to lack or
inconsistency of clinical data, multivariate regression
analyses of immune-related clusters cannot be
performed uniformly.

MATERIALS AND METHODS
Data source and processing

All RNA sequencing (RNA-seq) profiling data,
including 500 LUAD samples were downloaded from
The Cancer Genome Atlas (TCGA, https://tcga-
data.nci.nih.gov/tcga/;LUAD).  All  the  clinical
information related to these samples was also
obtained. Two independent validation datasets
GSE31210 and GSE50081 were downloaded from
GEO (Gene Expression  Omnibus)  database
(https://www.ncbi.nlm.nih.gov/geo/). In total, 226 lung
samples were included in the GES31210 dataset, and
127 lung samples were included in the GES50081
dataset.

The list of immunoregulatory genes were downloaded
from the immune-related ImmPort database
(https://immport.niaid.nih.gov). We also download
INcRNAs data from the ensembl database
(https://asia.ensembl.org/index.html). Since the GEO
database contains data from the ul33plus2.0 platform,

the probe is re-annotated to the ensembl database, and
the data of INcRNAs is filtered out by the annotation of
IncRNAs. The study was approved by the ethics
committee of the Shandong Cancer Hospital.

Unsupervised clustering analysis

To analyze the expression of immune-related INcRNA
in different tumor clusters, the R software package of
Consensus Cluster Plus (CCP) [44] was applied to
perform a tumor cluster classification. The algorithm
began by subsampling a proportion of items and a
proportion of features from a data matrix. Each
subsample was then partitioned into up to k groups by a
user-specified clustering algorithm. The maximum
number of clusters was set to 6, and the optimal number
of clusters was determined according to the consensus
index and Cumulative Distribution Function (CDF).
Heat map clustering of the immune-related IncRNAs
were drawn using the R software plots package.

ESTIMATE analysis

An ‘Estimation of Stromal and Immune cells in
Malignant ~ Tumours  using  Expression  data’
(ESTIMATE) algorithm is applicated to infer the levels
of infiltrating stromal and immune cells and estimate
tumour purity in tumour samples using gene expression
data [45]. The algorithm is publicly available through the
SourceForge software repository (https://sourceforge.net/
projects/estimateproject/). The algorithm is based on
single-sample gene set enrichment analysis and generates
three scores: 1) stromal score (the presence of matrix in
tumor tissue); 2) immune score (the infiltration of
immune cells in tumor tissue); 3) estimate score (the
inference of tumor purity).

CIBERSORT analysis

To estimate the immune cell composition in the
sample, the analytical platform CIBERSORT
(https://cibersort.stanford.edu/) is used to quantify the
relative levels of distinct immune cell types within a
complex gene expression mixture [46]. CIBERSORT's
deconvolution of gene expression data provides valuable
information about the composition of immune cells in a
sample.

Gene set variation analysis (GSVA)

GSVA, a pathway enrichment method, was used to
estimate variation of pathway activity over a sample
population. The R software package of GSVA was
downloaded at http://www.bioconductor.org [47]. The
prediction of the pathway under different disease states
was made by the signal value of the gene and the
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pathway in which the gene was located. The enriched
score value of each sample was predicted by the signal
value of the gene, and the pathway with differential
enrichment in the two groups was obtained. The
screening standard P<0.05, and the FDR<0.05.

Somatic mutations analysis

All gene somatic mutations of 500 samples were also
downloaded from the TCGA. Fisher's exact test was
used to identify differential genes with different
immunotypes (P <0.05), and the mutated genes with the
highest number from different clusters were compared
to generate different mutation spectrum. Moreover, we
also showed the variant classification, variant type, and
SNV class in each cluster. Similarly, variants per
sample, variant classification summary, and top ten
mutated genes were all analyzed.

CNVs analysis

The CNVs of all samples from TCGA LUAD were
downloaded. Genomic Identification of Significant
Targets in Cancer (GISTIC) [48] was used to visualize
regions in the genome to show amplification and
deletion in the samples. The CNV data of 497 LUAD
samples downloaded from TCGA using GISTIC 2.0
software was analyzed and the CNV spectrum of
INcRNA was extracted. Taking the number of copies
greater than 1 as the threshold of copy amplification and
less than -1 as the threshold of copy deletion, we
calculated the ratio of copy amplification and deletion
for each IncRNA. Finally, we identified the disparities
of CNV segments in different immune-related INCRNA
clusters using Fisher’s exact test.

Statistical analysis

Using survival package of R language, survival analysis
was used to compare the survival curves of different
immune-related IncRNA clusters. The Cox proportional
hazard regression analysis was performed prognostic
analysis. The correlation analysis was determined by
Pearson's correlation. In addition, t-test, Pearson's Chi-
square test or Fisher’s exact probability test was used to
estimated statistical significance. P < 0.05 was
considered statistically significant.

AUTHOR CONTRIBUTIONS

Haiyong Wang designed the project and proposed the
idea. Jia Li wrote manuscript and carried out data
download and literature collection. Chenyue Zhang
conducted bioinformatics analysis. Chenxing Zhang
conducted chart and statistical processing. All authors
read and approved the final manuscript.

CONFLICTS OF INTEREST

All authors declare that there is no conflicts of interest.

FUNDING

This study was supported jointly by Special funds for
Taishan Scholars Project (Grant no. tsqn201812149),
Academic promotion programme of Shandong First
Medical University (2019RCO004).

REFERENCES

1. Siegel RL, Miller KD, Jemal A. Cancer statistics, 2019.
CA Cancer J Clin. 2019; 69:7-34.
https://doi.org/10.3322/caac.21551
PMID:30620402

2. Bray F, Ferlay J, Soerjomataram |, Siegel RL, Torre LA,
Jemal A. Global cancer statistics 2018: GLOBOCAN
estimates of incidence and mortality worldwide for 36
cancers in 185 countries. CA Cancer J Clin. 2018;
68:394-424.
https://doi.org/10.3322/caac.21492
PMID:30207593

3. Lin JJ, Cardarella S, Lydon CA, Dahlberg SE, Jackman
DM, Janne PA, Johnson BE. Five-year survival in EGFR-
mutant metastatic lung adenocarcinoma treated with
EGFR-TKIs. J Thorac Oncol. 2016; 11:556—65.
https://doi.org/10.1016/j.jtho.2015.12.103
PMID:26724471

4. Zhang S, Bai X, Shan F. The progress and confusion of
anti-PD1/PD-L1 immunotherapy for patients with
advanced non-small cell lung cancer. Int
Immunopharmacol. 2020; 80:106247.
https://doi.org/10.1016/j.intimp.2020.106247
PMID:32007710

5. Doroshow DB, Sanmamed MF, Hastings K, Politi K,
Rimm DL, Chen L, Melero |, Schalper KA, Herbst RS.
Immunotherapy in non-small cell lung cancer: facts and
hopes. Clin Cancer Res. 2019; 25:4592-602.
https://doi.org/10.1158/1078-0432.CCR-18-1538
PMID:30824587

6. PuX, Wu L, SuD, Mao W, Fang B. Immunotherapy for
non-small cell lung cancers: biomarkers for predicting
responses and strategies to overcome resistance. BMC
Cancer. 2018; 18:1082.
https://doi.org/10.1186/s12885-018-4990-5
PMID:30409126

7. Ludmir EB, McCaw ZR, Grossberg AJ, Wei LJ, Fuller CD.
Quantifying the benefit of non-small-cell lung cancer
immunotherapy. Lancet. 2019; 394:1904.
https://doi.org/10.1016/S0140-6736(19)32503-6
PMID:31777387

WWW.aging-us.com 9877

AGING


https://doi.org/10.3322/caac.21551
https://pubmed.ncbi.nlm.nih.gov/30620402
https://doi.org/10.3322/caac.21492
https://pubmed.ncbi.nlm.nih.gov/30207593
https://doi.org/10.1016/j.jtho.2015.12.103
https://pubmed.ncbi.nlm.nih.gov/26724471
https://doi.org/10.1016/j.intimp.2020.106247
https://pubmed.ncbi.nlm.nih.gov/32007710
https://doi.org/10.1158/1078-0432.CCR-18-1538
https://pubmed.ncbi.nlm.nih.gov/30824587
https://doi.org/10.1186/s12885-018-4990-5
https://pubmed.ncbi.nlm.nih.gov/30409126
https://doi.org/10.1016/S0140-6736(19)32503-6
https://pubmed.ncbi.nlm.nih.gov/31777387

10.

11.

12.

13.

14.

15.

16.

17.

Yao RW, Wang Y, Chen LL. Cellular functions of long
noncoding RNAs. Nat Cell Biol. 2019; 21:542-51.
https://doi.org/10.1038/s41556-019-0311-8
PMID:31048766

Batista PJ, Chang HY. Long noncoding RNAs: cellular
address codes in development and disease. Cell. 2013;
152:1298-307.
https://doi.org/10.1016/j.cell.2013.02.012
PMID:23498938

Moran VA, Perera RJ, Khalil AM. Emerging functional
and mechanistic paradigms of mamMalian long non-
coding RNAs. Nucleic Acids Res. 2012; 40:6391-400.
https://doi.org/10.1093/nar/gks296

PMID:22492512

de Lena PG, Paz-Gallardo A, Paramio JM, Garcia-
Escudero R. Clusterization in head and neck squamous
carcinomas based on IncRNA expression: molecular
and clinical correlates. Clin Epigenetics. 2017; 9:36.
https://doi.org/10.1186/s13148-017-0334-6
PMID:28405244

Huarte M. The emerging role of IncRNAs in cancer. Nat
Med. 2015; 21:1253-61.
https://doi.org/10.1038/nm.3981

PMID:26540387

Chiu HS, Somvanshi S, Patel E, Chen TW, Singh VP,
Zorman B, Patil SL, Pan Y, Chatterjee SS, Sood AK,
Gunaratne PH, Sumazin P, and Cancer Genome Atlas
Research Network. Pan-cancer analysis of IncRNA
regulation supports their targeting of cancer genes in
each tumor context. Cell Rep. 2018; 23:297-312.e12.
https://doi.org/10.1016/j.celrep.2018.03.064
PMID:29617668

Tang X, Li Y, Li M, Zhou Y, Wen J, Huang Z, Xiao Y. The
role of long noncoding RNAs in regulating invasion and
metastasis of Malignant tumors. Anticancer Drugs.
2020; 31:319-25.
https://doi.org/10.1097/CAD.0000000000000899
PMID:32011368

Li Z, Rana TM. Decoding the noncoding: prospective of
IncRNA-mediated innate immune regulation. RNA Biol.
2014; 11:979-85.

https://doi.org/10.4161/rna.29937

PMID:25482890

Fok ET, Davignon L, Fanucchi S, Mhlanga MM. The
IncRNA connection between cellular metabolism and
epigenetics in trained immunity. Front Immunol. 2019;
9:3184.

https://doi.org/10.3389/fimmu.2018.03184
PMID:30761161

Chen YG, Satpathy AT, Chang HY. Gene regulation in
the immune system by long noncoding RNAs. Nat
Immunol. 2017; 18:962-72.

18.

19.

20.

21.

22.

23.

24.

25.

26.

https://doi.org/10.1038/ni.3771
PMID:28829444

Atianand MK, Caffrey DR, Fitzgerald KA.
Immunobiology of long noncoding RNAs. Annu Rev
Immunol. 2017; 35:177-98.
https://doi.org/10.1146/annurev-immunol-041015-
055459

PMID:28125358

Elling R, Chan J, Fitzgerald KA. Emerging role of long
noncoding RNAs as regulators of innate immune cell
development and inflammatory gene expression. Eur J
Immunol. 2016; 46:504-12.
https://doi.org/10.1002/eji.201444558
PMID:26820238

Jiang MC, Ni JJ, Cui WY, Wang BY, Zhuo W. Emerging
roles of IncRNA in cancer and therapeutic
opportunities. Am J Cancer Res. 2019; 9:1354-66.
PMID:31392074

Hanahan D, Coussens LM. Accessories to the crime:
functions of cells recruited to the tumor
microenvironment. Cancer Cell. 2012; 21:309-22.
https://doi.org/10.1016/j.ccr.2012.02.022
PMID:22439926

Jiang R, Tang J, Chen Y, Deng L, Ji J, Xie Y, Wang K, Jia
W, Chu WM, Sun B. The long noncoding RNA Inc-EGFR
stimulates T-regulatory cells differentiation thus
promoting hepatocellular carcinoma immune evasion.
Nat Commun. 2017; 8:15129.
https://doi.org/10.1038/ncomms15129
PMID:28541302

Huang D, Chen J, Yang L, Ouyang Q, Li J, Lao L, Zhao J,
Liu J, Lu Y, Xing Y, Chen F, Su F, Yao H, et al. NKILA
IncRNA promotes tumor immune evasion by sensitizing
T cells to activation-induced cell death. Nat Immunol.
2018; 19:1112-25.
https://doi.org/10.1038/s41590-018-0207-y
PMID:30224822

Chen C, He W, Huang J, Wang B, Li H, Cai Q, Su F, Bi J,
Liu H, Zhang B, Jiang N, Zhong G, Zhao Y, et al. LNMAT1
promotes lymphatic metastasis of bladder cancer via
CCL2 dependent macrophage recruitment. Nat
Commun. 2018; 9:3826.
https://doi.org/10.1038/s41467-018-06152-x
PMID:30237493

Jones PA, Baylin SB. The fundamental role of
epigenetic events in cancer. Nat Rev Genet. 2002;
3:415-28.

https://doi.org/10.1038/nrg816

PMID:12042769

Watson IR, Takahashi K, Futreal PA, Chin L. Emerging
patterns of somatic mutations in cancer. Nat Rev
Genet. 2013; 14:703-18.

WWW.aging-us.com

9878

AGING


https://doi.org/10.1038/s41556-019-0311-8
https://pubmed.ncbi.nlm.nih.gov/31048766
https://doi.org/10.1016/j.cell.2013.02.012
https://pubmed.ncbi.nlm.nih.gov/23498938
https://doi.org/10.1093/nar/gks296
https://pubmed.ncbi.nlm.nih.gov/22492512
https://doi.org/10.1186/s13148-017-0334-6
https://pubmed.ncbi.nlm.nih.gov/28405244
https://doi.org/10.1038/nm.3981
https://pubmed.ncbi.nlm.nih.gov/26540387
https://doi.org/10.1016/j.celrep.2018.03.064
https://pubmed.ncbi.nlm.nih.gov/29617668
https://doi.org/10.1097/CAD.0000000000000899
https://pubmed.ncbi.nlm.nih.gov/32011368
https://doi.org/10.4161/rna.29937
https://pubmed.ncbi.nlm.nih.gov/25482890
https://doi.org/10.3389/fimmu.2018.03184
https://pubmed.ncbi.nlm.nih.gov/30761161
https://doi.org/10.1038/ni.3771
https://pubmed.ncbi.nlm.nih.gov/28829444
https://doi.org/10.1146/annurev-immunol-041015-055459
https://doi.org/10.1146/annurev-immunol-041015-055459
https://pubmed.ncbi.nlm.nih.gov/28125358
https://doi.org/10.1002/eji.201444558
https://pubmed.ncbi.nlm.nih.gov/26820238
https://pubmed.ncbi.nlm.nih.gov/31392074
https://doi.org/10.1016/j.ccr.2012.02.022
https://pubmed.ncbi.nlm.nih.gov/22439926
https://doi.org/10.1038/ncomms15129
https://pubmed.ncbi.nlm.nih.gov/28541302
https://doi.org/10.1038/s41590-018-0207-y
https://pubmed.ncbi.nlm.nih.gov/30224822
https://doi.org/10.1038/s41467-018-06152-x
https://pubmed.ncbi.nlm.nih.gov/30237493
https://doi.org/10.1038/nrg816
https://pubmed.ncbi.nlm.nih.gov/12042769

27.

28.

29.

30.

31

32.

33.

34,

https://doi.org/10.1038/nrg3539
PMID:24022702

Qiu M, Xia W, Chen R, Wang S, Xu Y, Ma Z, Xu W,
Zhang E, Wang J, Fang T, Hu J, Dong G, Yin R, et al. The
circular RNA circPRKCI promotes tumor growth in lung
adenocarcinoma. Cancer Res. 2018; 78:2839-51.
https://doi.org/10.1158/0008-5472.CAN-17-2808
PMID:29588350

Zheng M, Hu Y, Gou R, Nie X, Li X, Liu J, Lin B.
Identification three LncRNA prognostic signature of
ovarian cancer based on genome-wide copy number
variation. Biomed Pharmacother. 2020; 124:109810.
https://doi.org/10.1016/j.biopha.2019.109810
PMID:32000042

Gao Y, Li X, Zhi H, Zhang Y, Wang P, Wang Y, Shang S,
Fang Y, Shen W, Ning S, Chen SX, Li X. Comprehensive
characterization of somatic mutations impacting
IncRNA expression for pan-cancer. Mol Ther Nucleic
Acids. 2019; 18:66—79.
https://doi.org/10.1016/j.0mtn.2019.08.004
PMID:31525663

Bao S, Zhao H, Yuan J, Fan D, Zhang Z, Su J, Zhou M.
Computational identification of mutator-derived
IncRNA signatures of genome instability for improving
the clinical outcome of cancers: A case study in breast
cancer. Brief Bioinform. 2019. [Epub ahead of print].
https://doi.org/10.1093/bib/bbz118

PMID:31665214

Kumar P, Khadirnaikar S, Shukla SK. PILAR1, a novel
prognostic LncRNA, reveals the presence of a unique
subtype of lung adenocarcinoma patients with KEAP1
mutations. Gene. 2019; 691:167-75.
https://doi.org/10.1016/j.gene.2018.12.060
PMID:30639423

Li J, Han L, Roebuck P, Diao L, Liu L, Yuan Y, Weinstein
JN, Liang H. TANRIC: an interactive open platform to
explore the function of IncRNAs in cancer. Cancer Res.
2015; 75:3728-37.
https://doi.org/10.1158/0008-5472.CAN-15-0273
PMID:26208906

JiaY, Duan, Liu T, Wang X, Lv W, Wang M, Wang J, Liu
L. LncRNA TTN-AS1 promotes migration, invasion, and
epithelial  mesenchymal  transition of lung
adenocarcinoma via sponging miR-142-5p to regulate
CDKS5. Cell Death Dis. 2019; 10:573.
https://doi.org/10.1038/s41419-019-1811-y
PMID:31363080

Xiong DD, Li ZY, Liang L, He RQ, Ma FC, Luo DZ, Hu XH,
Chen G. The LncRNA NEAT1 accelerates lung
adenocarcinoma deterioration and binds to mir-193a-
3p as a competitive endogenous RNA. Cell Physiol
Biochem. 2018; 48:905-18.

35.

36.

37.

38.

39.

40.

41.

42.

43.

https://doi.org/10.1159/000491958
PMID:30036873

Peng F, Wang R, Zhang Y, Zhao Z, Zhou W, Chang Z,
Liang H, Zhao W, Qi L, Guo Z, Gu Y. Differential
expression analysis at the individual level reveals a
IncRNA prognostic signature for lung adenocarcinoma.
Mol Cancer. 2017; 16:98.
https://doi.org/10.1186/s12943-017-0666-2
PMID:28587642

Binnewies M, Roberts EW, Kersten K, Chan V, Fearon
DF, Merad M, Coussens LM, Gabrilovich DI, Ostrand-
Rosenberg S, Hedrick CC, Vonderheide RH, Pittet MJ,
Jain RK, et al. Understanding the tumor immune
microenvironment (TIME) for effective therapy. Nat
Med. 2018; 24:541-50.
https://doi.org/10.1038/s41591-018-0014-x
PMID:29686425

Roma-Rodrigues C, Mendes R, Baptista PV, Fernandes
AR. Targeting tumor microenvironment for cancer
therapy. Int J Mol Sci. 2019; 20:840.
https://doi.org/10.3390/ijms20040840
PMID:30781344

Liberzon A, Birger C, Thorvaldsdéttir H, Ghandi M,
Mesirov JP, Tamayo P. The molecular signatures
database (MSigDB) hallmark gene set collection. Cell
Syst. 2015; 1:417-25.
https://doi.org/10.1016/j.cels.2015.12.004
PMID:26771021

Kandoth C, McLellan MD, Vandin F, Ye K, Niu B, Lu C,
Xie M, Zhang Q, McMichael JF, Wyczalkowski MA,
Leiserson MD, Miller CA, Welch JS, et al. Mutational
landscape and significance across 12 major cancer
types. Nature. 2013; 502:333-39.

https://doi.org/10.1038/nature12634 PMID:24132290

Hayes JD, McMahon M. NRF2 and KEAP1 mutations:
permanent activation of an adaptive response in
cancer. Trends Biochem Sci. 2009; 34:176-88.
https://doi.org/10.1016/j.tibs.2008.12.008
PMID:19321346

Urban-Wojciuk Z, Khan MM, Oyler BL, Fahraeus R,
Marek-Trzonkowska N, Nita-Lazar A, Hupp TR,
Goodlett DR. The role of TLRs in anti-cancer immunity
and tumor rejection. Front Immunol. 2019; 10:2388.
https://doi.org/10.3389/fimmu.2019.02388
PMID:31695691

Zhu M, Yu K, Wang L, Yu S. Contribution of drugs acting
on the TLRs/MyD88 signaling pathway on colitis-
associated cancer. Pharmazie. 2018; 73:363-68.
https://doi.org/10.1691/ph.2018.8388
PMID:30001768

Zhang R, Dong Y, Sun M, Wang Y, Cai C, Zeng Y,
Wu Y, Zhao Q. Tumor-associated inflammatory

WWW.aging-us.com

9879

AGING


https://doi.org/10.1038/nrg3539
https://pubmed.ncbi.nlm.nih.gov/24022702
https://doi.org/10.1158/0008-5472.CAN-17-2808
https://pubmed.ncbi.nlm.nih.gov/29588350
https://doi.org/10.1016/j.biopha.2019.109810
https://pubmed.ncbi.nlm.nih.gov/32000042
https://doi.org/10.1016/j.omtn.2019.08.004
https://pubmed.ncbi.nlm.nih.gov/31525663
https://doi.org/10.1093/bib/bbz118
https://pubmed.ncbi.nlm.nih.gov/31665214
https://doi.org/10.1016/j.gene.2018.12.060
https://pubmed.ncbi.nlm.nih.gov/30639423
https://doi.org/10.1158/0008-5472.CAN-15-0273
https://pubmed.ncbi.nlm.nih.gov/26208906
https://doi.org/10.1038/s41419-019-1811-y
https://pubmed.ncbi.nlm.nih.gov/31363080
https://doi.org/10.1159/000491958
https://pubmed.ncbi.nlm.nih.gov/30036873
https://doi.org/10.1186/s12943-017-0666-z
https://pubmed.ncbi.nlm.nih.gov/28587642
https://doi.org/10.1038/s41591-018-0014-x
https://pubmed.ncbi.nlm.nih.gov/29686425
https://doi.org/10.3390/ijms20040840
https://pubmed.ncbi.nlm.nih.gov/30781344
https://doi.org/10.1016/j.cels.2015.12.004
https://pubmed.ncbi.nlm.nih.gov/26771021
https://doi.org/10.1038/nature12634
https://pubmed.ncbi.nlm.nih.gov/24132290
https://doi.org/10.1016/j.tibs.2008.12.008
https://pubmed.ncbi.nlm.nih.gov/19321346
https://doi.org/10.3389/fimmu.2019.02388
https://pubmed.ncbi.nlm.nih.gov/31695691
https://doi.org/10.1691/ph.2018.8388
https://pubmed.ncbi.nlm.nih.gov/30001768

44,

45.

microenvironment in non-small cell lung cancer:
correlation with FGFR1 and TLR4 expression via
P13K/akt pathway. J Cancer. 2019; 10:1004-12.
https://doi.org/10.7150/jca.26277

PMID:30854106

Wilkerson MD, Hayes DN. ConsensusClusterPlus: a
class discovery tool with confidence assessments and
item tracking. Bioinformatics. 2010; 26:1572-73.
https://doi.org/10.1093/bicinformatics/btq170
PMID:20427518

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R,
Kim H, Torres-Garcia W, Trevifio V, Shen H, Laird PW,
Levine DA, Carter SL, Getz G, Stemke-Hale K, et al.
Inferring tumour purity and stromal and immune cell
admixture from expression data. Nat Commun. 2013;
4:2612.

https://doi.org/10.1038/ncomms3612
PMID:24113773

46.

47.

48.

Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh
AA. Profiling tumor infiltrating immune cells with
CIBERSORT. Methods Mol Biol. 2018; 1711:243-59.
https://doi.org/10.1007/978-1-4939-7493-1 12
PMID:29344893

Hanzelmann S, Castelo R, Guinney J. GSVA: gene set
variation analysis for microarray and RNA-seq data.
BMC Bioinformatics. 2013; 14:7.
https://doi.org/10.1186/1471-2105-14-7
PMID:23323831

Mermel CH, Schumacher SE, Hill B, Meyerson ML,
Beroukhim R, Getz G. GISTIC2.0 facilitates sensitive and
confident localization of the targets of focal somatic
copy-number alteration in human cancers. Genome
Biol. 2011; 12:R41.
https://doi.org/10.1186/gb-2011-12-4-r41

PMID:21527027

WWW.aging-us.com

9880

AGING


https://doi.org/10.7150/jca.26277
https://pubmed.ncbi.nlm.nih.gov/30854106
https://doi.org/10.1093/bioinformatics/btq170
https://pubmed.ncbi.nlm.nih.gov/20427518
https://doi.org/10.1038/ncomms3612
https://pubmed.ncbi.nlm.nih.gov/24113773
https://doi.org/10.1007/978-1-4939-7493-1_12
https://pubmed.ncbi.nlm.nih.gov/29344893
https://doi.org/10.1186/1471-2105-14-7
https://pubmed.ncbi.nlm.nih.gov/23323831
https://doi.org/10.1186/gb-2011-12-4-r41
https://pubmed.ncbi.nlm.nih.gov/21527027

SUPPLEMENTARY MATERIALS

Supplementary Tables

Please browse Full Text version to see the data of Supplementary Tables 1, 2.

Supplementary Table 1. The list of immune-related IncRNAs according to the number of co-expressed IncRNAs
and immune-related mRNAs (degree).

Supplementary Table 2. The list of 147 immune-related IncRNAs with significant prognostic value (P < 0.05).
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