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ARTICLE INFO ABSTRACT

Keywords: Cancer immunotherapy has achieved unprecedented success in the treatment of cancer. However, different
Competitive endogenous RNA patients have different responses to immunotherapy. More and more studies have shown that tumor immune
Immunogenomics heterogeneity has an important influence on the prognosis of cancer. Therefore, understanding the clinical
Ig:li;?::ocarcinoma impact of tumor immune infiltration and the regulatory mechanism of RNA molecules is crucial for exploring the

pathogenesis of lung adenocarcinoma (LUAD) and the development of immunotherapy protocols.The en-
dogenous competitive RNA hypothesis provides new ideas for studying immune heterogeneity. Therefore, by
using the method of immune genomics, this article explores the relationship between immune infiltration and
prognosis of patients with lung adenocarcinoma, and found that B-cell immune infiltration highly affects the
survival of patients. Through differential analysis, differential mRNAs, IncRNAs and miRNAs were extracted, and
318 differentially expressed mRNAs related to B cell immunity were screened by correlation analysis, and
prognosis of patients with COX risk regression model was predicted and analyzed. Through multiple database
searches, an immune-related ceRNA regulatory network was constructed, containing 3 key mRNAs, 4 miRNAs,
and 50 IncRNAs. Three mRNAs and most miRNAs, IncRNAs, are significantly associated with LUAD prognosis.
Bioinformatics analysis of the network showed that LINC00337 may up-regulate the expression of PBK and
KIF23 through competitive binding of has-mir-373 and has-mir-519d. The competitive binding of has-mir-373 and
has-mir-372 can up-regulate the expression of SLC7A11. The interaction between these RNAs may have an
important regulatory role in the immune infiltration in lung adenocarcinoma, thereby affecting the patient's
prognosis and immunotherapy efficacy.

Cancer immunotherapy

1. Introduction

In recent years, there have been several breakthrough advances in
tumor immunotherapy technologies for lung cancer [1,2], such as
blockade of immune checkpoint therapy to improve anti-tumor immune
response by regulating T cell activity. However, due to the off-target
effect, tumor microenvironment heterogeneity and immunosuppres-
sion, immunotherapy still has some limitations in clinical application
[3,4]. Therefore, researches from the point of view of tumor im-
munogenomics can enhance our comprehension of the tumor immune
mechanism, then make a certain pre-judgment on the efficacy of im-
munotherapy.

In studies of tumor immunogenomics, assessment of tumor immune
infiltrating cells plays a key role in exploring how the interaction be-
tween the tumor and the immune system affects patient outcomes [5].
In this area of research, in addition to the traditional methods of
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chemical testing, many new calculation methods can improve our un-
derstanding of tumor microenvironment. Rooney et al. used a large-
scale genomic dataset of a solid tissue tumor biopsy to quantify the
cytolytic activity of local immune infiltration and identified the re-
levant characteristics of 18 tumor types [6]. Many recent studies have
used label-based genes to infer subpopulation abundance of tumor
immune cells [7-10]. CIBERSORT inferred the abundance of immuno-
invasive components in 22 different tumors by referring to gene ex-
pression signature matrices and machine learning-based methods [9].
Although CIBERSORT is superior to other algorithms in eliminating
noise, estimating the content of unknown mixtures, and accuracy,
CIBERSORT can easily bias estimates due to the statistical collinearity
effect produced by regression analysis. And this method is only ap-
plicable to microarray data, and RNA-Seq data of TCGA cannot be
analyzed. The TIMER algorithm developed by LIBO et al. can detect and
quantify the infiltration abundance of six immune cells in tumor tissues
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Fig. 1. General Research Framework.

from RNA-Seq expression profile data [8]. TIMER screens immune tag
genes and removes highly expressed genes to eliminate bias effects, and
can eliminate collinearity between immune cells to ensure inference
accuracy. Therefore, our study selected the TIMER algorithm as the
basis for exploring the immunoregulatory mechanism of LUAD.

In order to further explore the relationship between immune in-
filtration and cancer, the mechanism of immune heterogeneity is cru-
cial from the perspective of RNA molecules. The discovery of Long
noncoding RNA (IncRNA) provides a new perspective for genetic reg-
ulation of different biological environments. LncRNAs are novel het-
erologous non-coding RNAs that regulate gene expression and play an
important role in cell differentiation and development [11]. Activation
of immune cells is associated with dynamic changes in gene expression,
and expression products of related genes can promote inflammatory
responses in cells and tissues to initiate repair processes and promote
repair. Recent evidence indicates that IncRNAs play an important role
in directing the development of various immune cells and controlling
dynamic transcriptional programs and are hallmarks of immune cell
activation [12]. Salmena et al. In 2011, the competitive endogenous
RNA (ceRNA) hypothesis was proposed [13]. This hypothesis proposes
a new inter-genomic regulation method and plays an important role in
the development of physiology and disease. MicroRNAs are known to
cause gene silencing by binding to mRNA, while ceRNAs can regulate
gene expression by competitively binding to microRNAs. ceRNA can
interact with microRNAs through microRNA response elements (MREs)
to affect microRNA-induced gene silencing, revealing the existence of
an RNA- > microRNA regulatory pathway with significant biological
significance. RNAs, pseudogenes, IncRNAs, circular RNAs, miRNAs, and
other types of RNA can communicate with each other through ceRNA
mechanisms to regulate a variety of tumor cells and their micro-
environments and affect the proliferation and migration of tumors [12].
The ceRNA hypothesis provides us with a new way of exploring the
molecular mechanisms of tumor immunity at the RNA level.

This study explored the relationship between immune infiltration
and clinical LUAD, and studied the role of different RNAs in regulating
LUAD immune response. We first used the TIMER algorithm to calculate
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the infiltration abundance of six immune cells in 594 LUAD samples
from TCGA. Subsequently, through the survival analysis combined with
clinical data and the construction of a regression model, we found that
high infiltration of B cell predicts better survival of LUAD. Therefore,
we selected mRNAs associated with B cell infiltration to investigate the
relationship between B cell immune infiltration and RNA regulation in
LUAD. Based on the ceRNA hypothesis, this study established a B cell
immune-related ceRNA regulatory network. In the network, RNAs re-
lated to LUAD prognosis were excavated, the regulatory relationships
between different RNAs were analyzed, and potential biomarkers for
LUAD immunotherapy were searched. Our research provides new ideas
for the study of immunotherapy.

2. Materials and methods

In this section, we describe the overall process of constructing a
ceRNA network combined with tumor immunity (Fig. 1), and introduce
the algorithms and bioinformatics analysis used in the study.

2.1. Data collection and preprocessing

LUAD transcriptome data, miRNA-Seq data and clinical data were
downloaded from the TCGA database (https://cancergenome.nih.gov/
). The transcriptome data included 594 samples (59 normal 535 tu-
mors), and the miRNA-Seq data included 567 samples (46 normal 521
tumors). The download time is 2018.3.5. We deleted the data with a
value of mostly zero and we used the RSEM-processed transcript per
million (TPM) measure. For transcriptome data, we isolated IncRNA
expression data and mRNA expression data for use in follow up re-
search.

2.2. Differential expression analysis

For the cleaned raw data, differential RNA extraction was per-
formed using the DESeq2 algorithm [14]. This method uses shrinkage
estimation to spread and fold changes to improve the stability and
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Fig. 2. Six immune cell infiltration abundances were significantly different in different tissue samples. Fig. 2A —F represents the distribution of the abundance of six
immune cells (B cells, CD4 + T cells, CD8 + T cells, neutrophils, macrophages, and dendritic cells). Horizontal axis indicates sample type, vertical axis indicates
immune cell type. Statistical significance was evaluated using the Wilcox rank-sum test, red as the infiltrate abundance was significantly elevated in tumor samples
and blue was decreased (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

interpretability of the DESeq-based estimation. We chose |logFC| > 2,
FDR < 0.05 as the threshold for screening differential genes. This
process is implemented using the R package 'DESeq2'.

2.3. Immunocytotic infiltration abundance calculation method

The purpose of this study was to investigate the causes of tumor
immunological heterogeneity and its relationship with prognosis.

Therefore, it is important to calculate the abundance of immune cells in
tumor samples. We use the TIMER algorithm developed by LIBO et al.
to perform deconvolution calculations of immune cell components [8].
The TIMER algorithm first uses CHAT to estimate the tumor purity of
each sample from the DNA SNP array data [15]. ComBat was then used
to combine tumor gene expression with reference immune cell data for
all genes, eliminating batch effects between different platform data
[16]. Then, through correlation analysis, genes that are negatively
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Fig. 3. Immune cell infiltration survival curve. In Fig. 3, A and B are K-M survival curves based on top and bottom sample partitions with 50% and 20% immune
penetration, respectively. Red indicates high degree of infiltration and blue indicates low degree of infiltration. p < 0.05 was considered significant, and
P < 0.0001 was represented by 0 (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).
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Fig. 4. Distribution of differential RNA. Fig. 4 shows the difference in expression of different RNAs in different samples. Red indicates significant upregulation in
tumor samples, green indicates significant downregulation, and blue indicates no significant differences. Significant difference was determined by thresholding
|log2 FC| > 2, P < 0.05 (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

correlated with tumor purity are selected. To make the subsequent es-
timation more accurate, the TIMER algorithm removed the gene with
the highest expression value in the previous step and used the con-
strained least-squares fit to estimate the infiltration abundance of the
six immune cells [17]. The team of researchers integrated the TIMER
algorithm and related results into an open source web tool called Tumor
Immune Estimation Resource (TIMER; cistrome.shinyapps.io/timer),
enabling researchers to study and visualize the relationship between
tumor immune infiltration and disease [18].

2.4. The relationship between immune cell infiltration abundance and
prognosis of LUAD

After assessing the abundance of immune infiltrating cells in each
sample, we first studied the relationship between immune cell in-
filtration and LUAD prognosis. We performed univariate survival ana-
lysis on the infiltration abundance of six immune cells, plotted the K-M
survival curve, and calculated the statistical significance. Then a
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multivariate Cox regression model adjusted for age, sex, tumor purity,
stage, and viral infection status was used to construct a multivariate
regression model of immune cell infiltration abundance to further ex-
plore the impact of immune infiltration on the prognosis of LUAD. The
results showed that B cell infiltration was significantly associated with
LUAD prognosis. The above method uses the TIMER server (https://
cistrome.shinyapps.io/timer/) to complete.

2.5. B cell inmune-related genes

Next, we screened mRNAs that are significantly associated with B
cell infiltration. The expression pattern of these genes may play an
important role in the LUAD immune response. We calculated the cor-
relation between mRNA expression levels and B-cell infiltration abun-
dance, using the Spearman correlation coefficient as a measure, and
calculating the P value to test its statistical significance. P < 0.01,
R > 0.15 were used as screening thresholds, and mRNAs that matched
the conditions were considered as B cell immune related genes and
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were included in subsequent studies.

2.6. Construction of inmune-related ceRNA networks

For all differential IncRNAs (DEIncRNAs) and differential miRNAs
(DEmiRNAs), we discovered IncRNA-miRNA relationships by searching
the miRcode (http://www.mircode.org/) database [19]. To find target
genes for miRNAs in the network, 3p and 5p annotations of miRNAs
were first performed via the starbase database [20]. For annotated
miRNAs, miRNA-targeted mRNAs were searched in the miRDB, miR-
TarBase, TargetScan databases, respectively [21-23]. Only miRNA-
mRNA Relationship Pairs Consistent with Three Databases Are Re-
tained. To construct ceRNA networks associated with LUAD and B cell
immune infiltration, we only retained differential mRNAs associated
with B cell and screened pairs of mRNA-miRNA and IncRNA-miRNA.
Finally, the visualization of ceRNA network was constructed using
Cytoscape v3.6.0 software [24].

At the same time, our team used the improved NMF algorithm to
predict the ceRNA network. The results are similar to the results of the
proposed method in the key parts of the network. For our algorithm, it
is elaborated in the forthcoming journal, doi:10.7150/ijbs.27555. The
results are shown in Fig. 1 of the supplementary document. Since the
algorithm only predicts the network and needs further biological ver-
ification, this paper directly uses the database to verify the relationship
pairs to build the network, so the information obtained is what we need.

In order to verify our conjecture in many aspects, we performed
WGCNA co-expression analysis on DEIncRNA and DEmiRNA. WGCNA
(weighted gene co-expression network analysis) is an analytical method
for analyzing the expression patterns of multiple sample genes, which
can be similar in expression pattern. The genes are clustered and ana-
lyzed for the association between modules and specific traits or phe-
notypes, and are therefore widely used in research on diseases and
other traits and gene association analysis.

2.7. Statistical analysis

With regard to the exploration of the effect of immune infiltration
on clinical outcomes, a multivariable Cox regression adjusted for in-
filtration abundance, age, gender, tumor purity, stage, and viral infec-
tion status was constructed using a TIMER server [18]. Univariate COX
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analysis was performed on 318 immune-related genes, and mRNA with
a significance level of less than 0.0001 was screened as a clinically
relevant gene. Then use clinically relevant genes to build a multi-factor
COX risk proportional regression model based on maximum informa-
tion volume. This model is a semi-parametric regression model pro-
posed by British statistician D.R.Cox (1972) [25]. The model uses sur-
vival outcomes and survival time as dependent variables. It can
simultaneously analyze the influence of many factors on the survival
time, and can analyze the data with truncated survival time, and does
not require the estimation of the survival distribution type of the data.
Kaplan-Meier analysis was used to demonstrate the difference in 5-year
overall survival (OS) and biomarker expression. The above analysis was
implemented using the R package ‘survival’. Other analyses, including
Spearman correlation analysis and Wilcox rank sum test, were per-
formed using R software [26].

2.8. Functional enrichment analysis

Functional enrichment analysis of B cell immune infiltration related
genes was used to reveal the biological function of these genes in LUAD
pathogenesis and immune regulation. The GO and KEGG analysis uses
the online database DAVID v6.8 [27], and visual display through R
software [26].

3. Result
3.1. Calculate immune cell infiltration

Using the LUAD gene expression profile (transcriptional reads per
million readings (TPM)) from the TCGA as input data for the TIMER
algorithm, the infiltration abundance of the six immune cells in each
sample was fitted (Fig. 2, Table S1). The results showed that the in-
filtration abundance of immune cells in different types of tissue samples
was significantly different, with B cell and CD4 T cells infiltrating in
tumors, indicating that humoral immunity may play an important role
in the LUAD immune response.

3.2. Prognostic relevance of immune cell infiltration in LUAD

We explored the relationship between immune cell infiltration and


http://www.mircode.org/

B. Wei et al.

Pathology - Research and Practice 215 (2019) 159-170

COX proportional hazards regression model

0.6 0.16
L J
0.4 0.14
02 M ¢ I | B - 012
0 .-H .-ﬂ . ‘ I| ._H I ‘ -[ .-H 01
VAX1 RGS20 ANLN IF23 IGFBP1 PRC1 F&A[ILJ AHSG 0.08
-0.2 |
0.06
04 0.04
L ]
06 o 0.02
L
08 o = 0
M coef M se(coef) m z/10 ep
B survival curve (p=0) C ROC curve ( AUC = 0.722)
i - high risk e 4
% low risk
i
o | «° 4
o o
+
ﬁ [}
o | + s @
-;_3 © %r - 2 °
2 : H z
2 +H+ a
@ g a + g g -
% + ++ ot =
o
3
o T ~
(=] B 1 B o
.................... =
o e
o 7 o
T T T T T T T T T T
0 5 10 15 20 0.0 0.2 04 0.6 0.8 1.0
time (year) False positive rate

Fig. 6. Construction of COX Regression Model Using B Cell Infiltration Related Genes. Fig. 6A shows the model-related parameters. The P value is measured on the
right vertical axis, and the remaining indicators are measured on the left vertical axis. Figure B shows the survival curve based on dividing the sample according to
the median value of the risk value. Red indicates the high risk group and blue indicates the low risk group. Figure C shows the receiver operating characteristic (ROC)
curve for this model (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

LUAD prognosis. First, univariate survival analysis was performed for
different immune cell infiltration and KM survival curve was drawn
(Fig. 3). The results showed that the survival time of patients with high
B cell infiltration was significantly higher than that of patients with low
infiltration. Then we constructed a multivariate COX risk prognostic
model related to immune infiltration (Table S2). By using multivariate
COX regression adjusted for age, stage, viral infection, gender, and
tumor purity, we determined the correlation between different immune
cell infiltration abundances and LUAD prognosis. We found that in-
filtrating B cell were significantly associated with patient survival, and
after adjustment for other covariates, it remained a good independent
predictor. This shows that high B cell infiltration has a good effect on
the survival of LUAD patients.

3.3. Difference analysis

We used the R package ‘DESeq2’ for the differential analysis of the

original data downloaded from the TCGA to extract the LUAD-related
differential mRNA (DEmRNA), differential IncRNA (DEIncRNA) and
differential miRNA (DEmiRNA). 2154 DEmRNAs (Table S3), 133
DEmiRNAs (Table S4), and 1474 DEIncRNAs (Table S5) were extracted
(Fig. 4).

3.4. B cell imnmune-related genes

We searched for genes related to B cell infiltration. The expression
pattern of these genes may have an effect on prognosis by affecting
LUAD immune infiltration. By calculating the Spearman correlation
coefficient between gene expression values (TPM data) and immune
infiltration abundance, we selected 318 genes from DEmRNA as B cell
immune-related genes (Table S6). We first used the text mining method
to verify the results. The facts showed that most of the (296) mRNAs
obtained were related to the B-cells. We analyzed the survival in-
formation of these genes and found that 126 of them are significantly
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associated with prognosis. Then through functional enrichment ana-
lysis, we preliminary studied the role of these genes in biological
functions and processes (Fig. 5). Enrichment analysis confirmed our
hypothesis that these genes are closely related to B cell infiltration and
play an important role in the LUAD immune response.

Next we explored how B cell immune-related genes influence clin-
ical outcomes. A multivariate COX risk regression model with variable
gene expression values was constructed (Fig. 6). The model used eight
gene expression values as variables (Fig. 6A), reflecting the effect of
gene expression values on LUAD production, with high-risk and low-
risk groups showing significant differences in survival time (Fig. 6B).
Among the eight variables, the expression values of five genes (VAX1,
ANLN, KIF23, IGFBP1, PRC1) can be used as LUAD independent prog-
nostic factors. The expression values of these genes interact with B cell
infiltration, which affects the tumor microenvironment and affects the
tumor immune effect of patients.

We performed WGCNA co-expression analysis of differential
miRNAs and IncRNAs in key pathways, and the results confirmed the
ceRNA network we constructed to some extent (supplementary Fig. 2).

3.5. Construction of ceRNA network related to B cell immune infiltration

To explore the intrinsic mechanism of LUAD immunological het-
erogeneity, we constructed a ceRNA network (Fig. 6). As the results of
the above studies show that B cell infiltration is highly correlated with
the prognosis of LUAD, we chose only B cell infiltration related genes as
the basis for constructing the network. In this way, the underlying
pathogenic mechanism of LUAD and the RNA molecules related to the
results of immunotherapy are discovered. Through the database search
of DEIncRNA and DEmiRNA, we obtained 489 IncRNA-miRNA re-
lationships (Table S7), of which 23 were miRNAs and 120 were
IncRNAs. For 23 miRNAs, we searched for their target genes and found
1177 miRNA-mRNA pairs (Table S8). There were 921 mRNAs and 21
miRNAs. We searched for mRNAs related to B cell infiltration in these
mRNAs and obtained three key genes (KIF23, PBK, and SLC7A11) to
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construct a B cell immune-related ceRNA network (Fig. 7). The network
contains 3 mRNAs, 4 miRNAs, and 50 IncRNAs. The interaction be-
tween RNA molecules in this network may play an important regulatory
role in the LUAD immune response. The key molecules in the network
are our next key research goals. These RNAs may be potential im-
munotherapeutic targets.

We first performed a Kaplan-Meier survival curve and a log-rank
test on the RNA in the network. The results showed that most of the
RNA was significantly associated with the prognosis of LUAD. In this
network, 10 IncRNAs and 3 mRNAs were significantly associated with
survival (Fig. 8). Interestingly, KIF23 in the network is a key prognostic
factor for our previously constructed COX risk proportional regression
model, suggesting that KIF23 may play an important role in the immune
response and prognosis of LUAD (Fig. 9). We performed a survival
analysis of KIF23 and explored its relationship with immune cell in-
filtration and tumor purity. The results showed that patients with dif-
ferent KIF23 expression values showed significant differences in sur-
vival time, and low expression of KIF23 predicted a higher survival
time. The expression of KIF23 seems to have a significant correlation
with B cell infiltration, which also validates our previous conjecture.

To verify the reliability of the database, we performed co-expression
analysis of DEIncRNA and DEmiRNA (Supplementary Document Fig. 2).
The results show that multiple pairs of IncRNA-miRNAs appear in the
same module and are nodes in our network. It is suggested that the
molecules in the network we construct may affect the relevant path-
ways of LUAD and thus play a role in tumor immune response.

We conducted a correlation analysis of potential mRNA-IncRNA
competition relationships in the network and found multiple pairs of
positively related RNAs (Fig. 10), suggesting that there may be com-
peting relationships among these RNA pairs and validating the ration-
ality of the ceRNA hypothesis. The interaction between RNAs in the
network we constructed became a key factor in the LUAD immune
process, affecting the infiltration of B cells in LUAD tumors and the
prognosis of patients.
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Fig. 8. Survival curves of RNAs in the network. In the ceRNA network, the survival curve of the RNAs significantly correlated with survival, p < 0.05 was considered

statistically significant.

4. Discussion

In recent years, tumor immunotherapy has achieved remarkable
results in clinical practice. However, considering the different patterns
of tumor-infiltrating lymphocytes, individuals respond significantly
differently after immunotherapy. The interaction of the tumor with its
microenvironment is crucial in the development and prognosis of the
tumor. For example, previous studies have shown that the number of B
cell is a key factor in tumor immunity, is associated with a longer
survival time, and has a dual effect on tumor recurrence and progres-
sion [28]. Whereas CD8 + T cells are associated with better overall
survival and fewer relapses, macrophages are associated with worse
clinical outcomes for many cancer types [8]. Therefore, the evaluation
of tumor-infiltrating lymphocytes (TIL) is crucial in the study of cancer

immunotherapy. Our study used the TIMER algorithm to assess the
infiltration abundance of six immune cells in different samples. Based
on this, an immune-related ceRNA network was constructed and the
effects of competitive regulation of different RNAs on LUAD immune
response and clinical outcome were analyzed.

Compared to previous methods, the TIMER algorithm not only uses
selected tag genes to eliminate the effect of highly expressed genes on
the deconvolution results, but also evaluates six immune cell infiltra-
tion abundances, eliminating cells with similar expression patterns. The
effect of collinearity on the regression results. TIMER is superior to
previous algorithms in accuracy and so on. After TIMER was used for
TIL assessment, we analyzed the effects of different immune penetra-
tions in the clinic. The results showed that high B cell infiltration pre-
dicts better survival and B cell infiltration plays an important role in
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LUAD immunity, which is consistent with previous studies [29,30].
Therefore, through correlation analysis, we identified 318 genes that
were significantly associated with B cell infiltration in LUAD differ-
ential genes and performed bioinformatics analysis. The results show
that most of these genes are involved in tumor immunity and may play
an important role in the prognosis of patients. Using multivariate COX
regression analysis, we selected eight mRNA expression values (in-
cluding KIF23) as variables and constructed a survival regression model
to predict the relationship between gene expression and patient sur-
vival.

In order to further explore the regulatory mechanisms of B cell in-
filtration at the RNA molecule level, we constructed a ceRNA network
associated with B cell immune infiltration. In this network, three key
mRNAs (PBK, KIF23 and SLC7A11) were shown to be significantly as-
sociated with survival, and in many studies they have been shown to
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play an important role in cancer and immunity. PBK plays a role in the
activation of B lymphocytes. Related studies have shown that PBK is
associated with mutant p53 and affects lung adenocarcinoma cell pro-
liferation, viability, and prognosis. PBK can also stabilize Nrf2, strictly
regulate ROS levels, promote cell cycle progression, and inhibit apop-
tosis, and promote promyelocytic proliferation [31,32]. In advanced
lung cancer and primary lung tumors, KIF23 transcripts are over-
expressed in the vast majority of metastatic lymph nodes. Inhibition of
KIF23 expression effectively inhibits the growth of lung cancer cells
[33]. SLC7A11 is a gene encoding the cystine-glutamate transporter
that has been detected in various cancers. Overexpression of SLC7A11
may be an unfavorable prognostic factor and may be a potential ther-
apeutic target for liver cancer [34].

For the miRNAs in the network (hsa-mir-195, hsa-mir-372d, hsa-mir-
372 and hsa-miR-373), their role in tumor immunity is also crucial. The
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Fig. 10. Correlation in ceRNA networks. Fig. 10A-C show the correlation of mRNA (KIF23, PBK, and SLC7A11) expression values in the ceRNA network and IncRNA

expression values with which they are potentially competing with each other.

high expression of hsa-mir-195 can inhibit tumor growth and has a good
survival rate in many malignant tumors including non-small cell lung
cancer [35]. Related studies have shown that hsa-mir-519d plays an
important role in gastric cancer [36]. Hsa-mir-195 is associated with the
proliferation and metastasis of cancer cells in various cancers (liver
cancer, kidney cancer, head and neck squamous cell carcinoma), and is
significantly associated with the prognosis of oral cancer and liver
cancer [37-41]. In addition, hsa-mir-195 expression is abnormal in
childhood B-cell precursor acute lymphoblastic leukemia [42]. Ten
IncRNAs in the network were also significantly associated with survival
in patients with LUAD. Among them, AP002478.1, C200rf197, HOTTIP,
LINC00337 and MUC2 interact with multiple miRNAs and mRNAs in
the ceRNA network. Our study showed a significant positive correlation
between the expression of LINC00337 and KIF23, PBK, AP002478.1,
and SLC7A11. This suggests that LINC00337 may affect the expression
of PBK and KIF23 through competitive binding of has-mir-373 and has-
mir-519d. AP002478.1 competitive binding has-mir-373 and has-mir-
372 affect the expression of SLC7A11. Therefore, the critical RNA in the
network we construct may have an important impact on the outcome of
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immunotherapy and can be used as a potential biomarker for im-
munotherapy.
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