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Abstract
Background: Kidney renal clear cell carcinoma is the malignant tumor with the highest incidence and
poor prognosis in renal cell carcinoma. In view of its limited diagnostic strategies and poor prognosis,
bioinformatics analysis has been used to explore the possible mechanisms of renal clear cell carcinoma
and effective prognostic-related biomarkers.

Method: The sequencing information of 3 types of RNA (mRNA, lncRNA and miRNA) in 539 cases of
kidney renal clear cell carcinoma tumor tissues and 72 cases of normal tissues is obtained from the
TCGA database. Heat map and volcano map of differentially expressed genes were drawn through R
language; The CeRNA network was visualized by Cytoscape software (version 3.7.2). Methods such as
univariate Cox regression analysis, lasso regression screening, and multivariate Cox regression analysis
were used to construct a prognostic model based on the CeRNA network. The CIBERSORT algorithm was
used to analyze the degree of infiltration of 22 kinds of immune cells from each sample of kidney renal
clear cell carcinoma. Construction of a prognostic model based on tumor-infiltrating immune cells, The R
"corrplot" software package was used for co-expression analysis based on the CeRNA network and tumor-
infiltrating immune cells model.

Results: There are 3074 differentially expressed mRNAs (1055 upregulated and 2019 downregulated),
and 359 differentially expressed lncRNAs (71 upregulated and 280 downregulated) and 132 differentially
expressed miRNAs (70 upregulated and 62 downregulated) that have been identified through differential
analysis. A complete mRNA-miRNA-lncRNA (SIX1-hsa-miR-200b-3p-MALAT1) network was obtained
based on the CeRNA network-based prognostic model construction. 2 immune cells (Mast cells resting, T
cells follicular helper) were identified by constructing a prognostic model based on tumor-infiltrating
immune cells. There was a negative correlation between lncRNA MALAT1 and Mast cells resting (R=
-0.27, P<0.001); while there was a positive correlation between lncRNA MALAT1 and T cells follicular
helper (R=0.23, P<0.001).

Conclusion: Based on CeRNA network and tumor-infiltrating immune cells, we explored the possible
mechanism of kidney renal clear cell carcinoma and obtained effective biomarkers for predicting
prognosis by Bioinformatics analysis in this study.

Background
Renal cell carcinoma (RCC) is one of the top ten malignant tumors in the world [1]. Compared with other
subtypes of RCC, kidney renal clear cell carcinoma (KIRC) is the most common histopathological type
and has a poor prognosis [2]. Many patients have progressed to the advanced stage when they are
diagnosed, and the 5-year survival rate (FSR) has also decreased significantly, because the early clinical
symptoms and signs of KIRC are relatively insidious and non-specific [3]. In view of the limited diagnostic
strategies and poor prognosis of KIRC, we urgently need to search for biological markers which are
helpful for diagnosis, targeted therapy and prognosis prediction.
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Messenger RNA (mRNA) is a protein coding gene, which participates in the formation and development of
KIRC. Recently, non coding RNA had also drawn remarkable attention, particularly in terms of microRNA
(miRNA) and long non coding RNA (lncRNA), which is indispensable for the regulation of cellular
processes [4]. The competitive endogenous RNA (CeRNA) hypothesis is that lncRNA could compete for
the miRNA recognizing elements (MRE) to influences the mRNA regulation, and which is put forward by
Salmena et al. Recent studies have shown that CeRNA networks control biological behaviors, which via
regulating oncogenes and tumor suppressor genes, such as tumor invasion and metastasis [5]. However,
there is no definition of CeRNA network to predict the prognosis of KIRC. Therefore, in this study, we
constructed a CeRNA network about KIRC to identify the potential interactions involved in the
differentially expressed lncRNA, miRNA and mRNA in KIRC, which to determine the molecular targets of
prognostic evaluation.

Surgical treatment is the only effective treatment method for localised KIRC, but patients with metastatic
must be treated with systemic therapy [6]. However, due to the long-term use of systemic therapy and the
development of tumors, the occurrence of tumor immune escape has been promoted [2]. Some
immunosuppressive factors may be hijacked by cancer cells to avoid the attack of immune system [7]. It
is essential to maintain the host's immune homeostasis and eliminate cancer cells by balancing immune
stimulus factors and inhibitory factors [8]. Recent studies have shown that immunotherapy has become
an important method to improve the survival rate of patients with KIRC [9]. Recently, a number of
evidences show that miRNA can regulate cancer immune surveillance and promote immune escape [10].
It is not clear how miRNA (as the regulatory hub of CeRNA) changes the CeRNA network and how CeRNA
changes the immune cells of KIRC, and the correlation between the two changes.

We use bioinformatics analysis to construct a complete gene interaction CeRNA network. By screening
the differentially expressed lncRNA, miRNA and mRNA in KIRC, in order to explore the key genes involved
in the development of KIRC. We conducted co-expression analysis based on the risk genes related to
prognosis and the differentially expressed immune cells in KIRC to further explore the potential molecular
mechanism of KIRC. Not only that, we further explored the relationship between CeRNA and immune
infiltration, and finally obtained the connection between CeRNA network and immune cells. Our researchs
provide new insights into the occurrence and development of KIRC, as well as survival prediction
biomarkers and potential therapeutic targets.

Methods
1.1 Data download and differential gene expression analysis

There are 539 KIRC and 72 normal tissues of 3 types of RNA information (including mRNA, lncRNA and
miRNA) and the clinical data were downloaded by using the GDC RNA toolkit package of the R language
(R 4.0.2) in the cancer genome atlas database[43]. Firstly, We used the log(fold change，FC)≥1 or ≤1 and
false discovery rate (FDR) adjusted P value<0.05 as criteria to identify significant differential genes. The
heat maps were drawn by the "pheatmap" R package, and the volcano maps were drawn by the "ggplot2"
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R package. Then, hypergeometric testing and correlation analysis were used to select significantly
different and related genes, and use Cytoscape v.3.7.2 software to visualize the CeRNA network. It does
not require relevant ethical review and approval, due to the data used in this study came from the TCGA
database.

1.2 Construction of prognosis model related to CeRNA network

The expression levels of nodes in CeRNA network were combined with clinical data by using perl (perl
5.26.3) language. The network nodes related to survival prognosis were selected by Kaplan-Meier survival
analysis using the R "survival" package according to the filter condition: P <0.05. The construction of the
prognostic model based on the CeRNA network was completed by single factor Cox regression analysis,
lasso regression and multivariate Cox regression analysis. The formula of prognosis model: risk score=
expression of risk genes1*coef1+expression of risk genes2*coef2+...＋expression of risk genesn * coefn.
The survival curve of the model and the time-dependent receiver operating characteristic curve (ROC)
were drawn, in order to estimate the accuracy and resolution of the model.

1.3 CIBERSORT algorithm Evaluation

The CIBERSORT algorithm was used to estimate the degree of infiltration of 22 immune cell types in each
KIRC sample, with a CIBERSORT output of p <0.05, indicated that the Example of these cells were
significant, which was worthy of further study. We evaluated the difference between immune infiltrating
cells in tumor tissue and normal tissue with Wilcoxon rank-sum test. Finally, histogram and differential
heat map of tumor-infiltrating immune cells were drawn.

1.4 Construction of immune infiltration model

The degree of tumor-infiltrating immune cells in each tumor sample was combined with clinical
information to evaluate the prognostic value of immune cell infiltration in tumor tissues, and then the
survival curve was drawn by Kaplan-Meier survival analysis using the survival package (P<0.05). The
prognosis model based on the degree of tumor-infiltrating immune cells in each sample was combined
with clinical information to evaluate the prognostic value of immune cell infiltration in tumor tissues, and
then the survival curve was drawn by Kaplan-Meier survival analysis using the survival package was
constructed by single factor Cox regression analysis, lasso regression and multivariate Cox regression
analysis. The survival curve of the model and the ROC curve of the model were drawn.

1.5 Co-expression analysis

In order to evaluate the co-expression of the key tumor-infiltrating immune cells and key nodes in the
CeRNA network, and to explore the correlation between tumor-infiltrating immune cells and CeRNA
network expression, the "Corrplot" R package was used to perform co-expression analysis on the key
nodes based on the CeRNA network and the key cells based on the tumor-infiltrating immune cells model,
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and output significant related pairs. According to the correlation analysis, the corrected P value was
0.001.

Results
2.1 The Flow chart of the Analytical Process

2.2 Identification of Differentially expressed Genes

The RNA-sequencing information was downloaded in 539 tumor tissues and 72 normal tissue samples
from TCGA-KIRC database. There were 3074 differentially expressed mRNAs (1055 upregulated and 2019
downregulated, Figure 2a, d), and 359 differentially expressed lncRNAs (71 upregulated and 280
downregulated, Figure 2b, e) and 132 differentially expressed miRNAs (70 upregulated and 62
downregulated, Figure 2c, f). The difference information was shown in supplementary table 1-3.

2.3 Construction of CeRNA Network

20 mRNAs, 7 lncRNAs and 14 miRNAs with significant differences were obtained through the analysis of
hypergeometric distribution test and correlation test (P<0.001) . In this study, we constructed a CeRNA
network using these significantly different RNAs (Figure 3), and the detail information was shown in
supplementary table 4.

2.4 Construction of Risk Prognosis Model

9 risk genes were obtained through lasso regression analysis (Figure 4a, 4b) and multi-factor COX
regression analysis (Figure 4e)，including 5 mRNAs (RELT, MYO9B, KCNN, SIX1, OTOGL), 1 lncRNA
(MALAT1) and 3 miRNAs (hsa-miR-130b-3p, hsa-miR-200b-3p, hsa-miR-21-5p). And the risk score (RS) of
the risk prognosis model according to this formula (RS=RELT*0.228-
MYO9B*0.546+KCNN4*0.265+SIX1*0.135-OTOGL*0.142+MALAT1*0.223+hsa-miR-130b-3p*0.321-hsa-
miR-200b-3p*0.091+hsa-miR-21-5p*0.254) was calculated. After matched the risk genes to the CeRNA
network, we obtained a complete mRNA-miRNA-lncRNA (SIE1-hsa-miR-200b-3p-MALAT1) relationship
chain. The survival curve of the model was drawn by the Kaplan-Meier method. The results showed that
the survival rate of patients in the high-risk group was significantly lower than that of the low-risk group
(Figure 4c). In order to estimate the accuracy of the model, we have further drawn the ROC curve (1-year
AUC: 0.769; 3-year AUC: 0.750; 5-year AUC: 0,771, Figure 4d).

2.5 Evaluation of CIBERSORT algorithm and Construction of Immune Infiltration Model

The proportions of 22 immune cells in different samples were provided by CIBERSORT algorithm analysis
(Figures 5a, 5b). 2 tumor-infiltratings immune cells (Mast cells resting, T cells follicular helper) were
identified by lasso regression analysis (Figure 6a, 6b) and multivariate Cox regression analysis (Figure
6e). The formula for the constructed prognosis model related to immune infiltration was: risk score=T
cells follicular helper*10.132-Mast cells resting*10.401. The survival curve of the model was drawn by the
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Kaplan–Meier method. The results showed that the survival rate of patients in the high-risk group was
significantly lower than that in the low-risk group (Figure 6c). We further drawn the ROC curve to estimate
the accuracy of the model (1-year AUC: 0.589; 3-year AUC: 0.633; 5-year AUC: 0,610, Figure 6d).

2.6 The Correlation Analysis of Risk Immune Cells and Clinical

Firstly, the R language was used to draw a heat map of the differential expression of risk immune cells in
the low-risk group and the high-risk group. The results showed that as the risk score increased, the cell
content of T cells follicular helper gradually increased , while the cell content of Mast cells resting
gradually decreased (Figure 7a). Then we also analyzed the proportions of two different subtypes of
immune cells in different clinical staging using non-parameter test and Kaplan-Meier method. The results
demonstrated that the expression quantitative of T cells follicular helper in stage IV patients was
significantly higher than in stage I patients (Figure 7b), and the expression quantitative of Mast cells
resting decreased significantly as the stage level increased (Figure 7c).

2.7 Co-expression Analysis

The co-expression relationship graph was obtained by analyzing the correlation between the tumor-
infiltrating immune cells model and the CeRNA network nodes by using Pearson correlation analysis
(Figure 8a, b). There was a negative correlation between Mast cells resting and T cells follicular helper
(R= -0.26, see Figure 8A, B), lncRNA MALAT1 and Mast cells resting was negative correlation. (R= -0.27,
P<0.001, Figure 8c), however there was a positive association of lncRNA MALAT1 with T cells follicular
helper (R=0.23, P<0.001, Figure 8d). And the detail information was shown in supplementary table 5.

Discussion
Renal cell carcinoma is one of the most deadly cancers in the urinary system, and its incidence is
increasing year by year [11]. KIRC accounts for about 80% of all RCC histological subtypes and had the
high mortality, invasiveness and metastasis rate [12]. Characteristic changes at the molecular level play a
crucial role in the occurrence and metastasis of tumors, and had been considered as prognostic factors
[13]. We found that the genes and tumor-infiltrating immune cells are differentially expressed between
KIRC tumor tissue and normal tissue. In response to this finding, we constructed risk prediction models
based on CeRNA network and tumor-infiltrating immune cells. Among them, we analyzed the correlation
between CeRNA network and tumor-infiltrating immune cells, we inferred a potential mechanism of KIRC
recurrence and that was lncRNA MALTA1 regulating Mast cells resting (MCs) and T cells follicular helper
(TFH). Our findings could help clinical oncologists assess the prognosis and risk of recurrence of KIRC.

CeRNA network is that lncRNA compete for the miRNA recognition elements (MRE) to influences the
mRNA regulation, thus, we speculate that this type of analysis could uncover molecular interactions and
gene regulatory networks that have been missed by proteomic and conventional genomic methods [5].
Studies shown that 3’UTRs from coding genes may act as endogenous decoys, which binds to the MRE
recognition sequence of miRNA through the principle of complementary base pairing and participates in
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post-transcriptional regulation of oncogenes and tumor suppressors [14], and lncRNA can also
competitively bind the MRE sequence of miRNA to regulate the expression level of mRNA in tumor cells
[15]. More importantly, lncRNA modulated mitochondrial membrane potential and enhanced the release
of cytochrome C, indicating that apoptosis of KIRC induced by lncRNA may belong to mitochondria-
mediated apoptosis [16], and lncRNA can also participate in the proliferation of cancer cells by promoting
the expression level of KIRC distant metastasis related genes[17]. In this study, we obtain 3074
differentially expressed mRNA (1055 upregulated and 2019 downregulated), 359 differentially expressed
lncRNA (71 upregulated and 280 downregulated), and 132 differentially expressed miRNA(70 upregulated
and 62 downregulated) through bioinformatics analysis the RNA sequencing (RNA-seq) data of KIRC. We
have constructed a CeRNA network that can prepare the prognosis of KIRC through the analysis of
hypergeometric distribution test and correlation test, which contains 20 mRNAs, 7 lncRNAs and 14
miRNAs. And then ,we use the single factor COX analysis, lasso regression and multivariate Cox
regression analysis to obtain 9 genes (RELT, MYO9B, KCNN4, SIX1, OTOGL, MALAT1, HSA-Mir-130b-3P,
HSA-Mir-200b-3p, HSA-Mir-21-5p) in CeRNA that were significantly correlated with the overall survival rate
of KIRC. We constructed a prognostic model using these risk genes and got the AUC values (for 1-year
survival rates: 0.794, 3-year survival rates: 0.762, and 5-year survival rates: 0.782). After matching the 9
risk genes and the CeRNA network, it was found that hsa-miR-200-3p (miRNA), SIX1 (mRNA) and
MALAT1 (lncRNA) were significantly correlated (P = 4.30E-6). SIX1 is a key transcription factor involved in
the occurrence and development of a lot of tumor and its biological activity is regulated by miRNA [18,
19]. SIX1 may contribute to ovarian epithelial carcinogenesis by simultaneously increasing proliferation
and decreasing apoptosis and imply that SIX1 may be an important target of ovarian cancer therapy
response [19]. SIX1 can regulate the mitochondrial membrane potential by regulating the expression of
the anti-apoptotic protein Bcl-2, and affect mitochondrial apoptosis via caspase-7, which suggests that
SIX1 can be used as an effective target for the prognosis and treatment of gastric cancer [20]. However,
there is few study had clearly shown the relationship between SIX1 and KIRC. Our results show that the
decreased expression of miR-200 in KIRC may be involved in the formation and development of cancer by
promoting the increased expression of SIX1.

Many previous studies have shown that the miR-200 family members of KIRC were significantly
downregulated compared with normal kidney tissue. It is speculated that miR-200b as tumor biomarkers
in renal tumor biopsies is feasible [21, 22]. Rola Saleeb et al. found that miR-200b was down-regulated in
primary KIRC and further decreased in metastatic foci. More importantly, Kaplan-Meier survival curves
indicate that miR-200b and miR-200c positive patients have significantly longer disease-free survival [23].
Therefore, the expression of miR-200 is negatively correlated with the progression of KIRC. In this study,
we found that the HR value of miR-200 was less than 1 through single-factor COX, lasso regression and
multi-factor COX analysis, indicating that miR-200 is a gene that protects renal clear cell carcinoma. This
is consistent with the results of miR-200 family members mentioned in previous studies that inhibit the
proliferation, migration, and invasion of cancer cells [24].

There is another important RNA in the significantly related network of hsa-miR-200-3p(miRNA)-
SIX1(mRNA)-MALAT1(lncRNA), this is lncRNA MALAT1. Metastasis associated with lung
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adenocarcinoma transcript-1 (MALAT1) is one of the long non-coding RNA (lncRNA) associated with
tumors which is composed of more than 8000 nucleotides and located on chromosome 11q13 [25].
MALAT1 was initially considered to be an effective prognostic factor for non-small cell lung cancer
(NSCLC), tumors with high MALAT1 expression have a nearly five-fold increase in the risk of metastasis
compared with tumors with low MALAT-1 expression [26]. Feng et al. proved that the direct binding
between MALAT1 and miR-200a can promote the proliferation of lung cancer cells and lead to the
development of gefitinib resistance [27]. In addition to NSCLC, MALAT1 is also present in other malignant
tumors. In endometrial cancer, the expression of MALAT1 is negatively correlated with the expression of
miR-200c, and its knockdown can promote the expression of miR-200c in cancer cells [28]. Studies have
found that MALAT1 can also adjust the expression of miR-140 in prostate cancer cells to change the
mRNA and protein expression levels of apoptosis inhibitor protein to promote the occurrence and
development of tumors [29]. More importantly, some studies have shown that MALAT1 in KIRC promotes
the growth of cancer cells by inhibiting cell apoptosis and accelerating the expression of specific proteins
of epithelial-mesenchymal transition (EMT) [30]. In this study, we found that MALAT1 is a high-risk factor
in KIRC through bioinformatics analysis, and its expression level is positively correlated with tumor
formation and development, which is consistent with the role of MALAT1 in other tumors. Therefore, we
speculate that hsa-miR-200-3p (miRNA) - SIX1 (mRNA) - MALAT1 (lncRNA) plays an important role in the
development of renal clear cell carcinoma. However, how these genes affect the occurrence and
development of KIRC is still unclear.

In the past few decades, more and more evidences show that the tumor-cell phenotype is determined by
the intrinsic activity of cancer cells and the interaction of cells (especially tumor-infiltrating immune cells,
TIICs) in the tumor microenvironment [31, 32]. Complex interactions between the immune cells in this
microenvironment may promote cancer progression by inducing immune dysfunction in RCC patients
[33]. Interestingly, lncRNA MALAT1 is an important inflammation regulator. In patients with systemic
lupus erythematosus (SLE), lncRNA MALAT1 can be used as a CeRNA to interfere with the inhibitory
effect of miRNA on the inflammatory factor IL-21, so the expression of MALAT1 in SLE patients is
significantly increased [34]. During an asthma attack, MALAT1 activates airway inflammation and airway
hyperresponsiveness of T cells by inducing the expression of miR-155 in T cells [35, 36]. However, it is not
clear whether lncRNA MALAT1 is involved in the process of immune invasion, immune cell killing and
immune escape in the tumor microenvironment of RCC.

In this study, we analyzed the correlation between gene expression and tumor-infiltrating immune cells to
prove that MALAT1 and MCs, (R = -0.27, P = 8.95E-5), MALAT1 and TFH (R = 0.23, P = 9.85E-4) were
significantly correlated. Therefore, Therefor, we speculate that MALAT1, the core molecule of the CeRNA
network, participates in the occurrence of KIRC by regulating the content of tumor-infiltrating immune
cells, such as TFH and MCs.

We first analyzed by using the CIBERSORT algorithm and found that the expression levels of resting MCs
and TFH between KIRC and normal tissues are significantly different. Compared with other algorithms,
CIBERSORT is the best algorithm to distinguish between resting and IgE-activated MCs. Our results
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suggested that most of the MCs in KIRC are in resting state. Studies have shown that MCs activated by
IgE can prevent the occurrence of cancer [37]. However, there are high concentrations of polyamines in
malignant tumor cells [38]. Polyamines oxidized by polyamine oxidase can prevent the activation of MCs
by IgE, thereby inhibiting the tumor suppressor effect of resting MCs [39]. The resting MCs in KIRC can
promote the immune escape of tumor cells, which is beneficial to tumors growth [40]. Therefore, when the
content of resting MC is higher, it may promote the occurrence of tumors. We observed that the
expression of MALAT1 increased in KIRC tumor tissues, and the content of resting MCs decreased
observably. There is a negative correlation between MALAT1 and MCs. Above all, we speculate that
MALAT1 may affect the generation of KIRC by the content of resting MCs.

TFH is an immune cell located in the peritumoral tertiary lymphoid structures (TLS), which belongs to a
subset of CD4+ T cells [41]. TFH provides signals for the proliferation and activation of B cells by secretes
a large number of chemokines in B cell [42]. Our results proved that the expression of lncRNA MALAT1 in
the CeRNA network is positively correlated with the contents of TFH. The expression of MALAT1 in KIRC
cells is increased, which suggested that the content of TFH in KIRC cells is higher than that in normal
tissues. By using Multi-factor COX analysis, we found that the content of TFH in KIRC cells is ascended
distinctly, which is consistent with our speculation. Therefore, we believed that TFH may be one of the
maker cells of immune infiltration in KIRC.

In summary, this study constructed a KIRC related CeRNA network through the TCGA database, and
selected risk genes through single factor COX analysis, lasso regression and multivariate Cox regression
analysis to predict the survival rate of patients. We obtained a significant correlation network of hsa-miR-
200-3p(miRNA)-SIX1(mRNA)-MALAT1(lncRNA) through correlation analysis. In order to explore how the
genes in this network affect the formation of KIRC, this study also constructed another risk model based
on tumor-infiltrating immune cells, and screened out risky tumor-infiltrating immune cells related to the
occurrence and development of KIRC. We speculated that hsa-miR-200-3p and MALAT1 affect the
internal mechanism of KIRC by regulating the expression of SIX1, and the relationship between MALAT1
and immune infiltration, so as to promote the self-management of KIRC patients.

Our research is a correlation study from multiple dimensions rather than a biological mechanism study.
Based on the results of this research, we will verify our conclusions through biological experiments. In the
future, we will combine more data and more experiments to explore the impact of KIRC molecular biology
on CeRNA, as well as the relationship between tumor cells, TFH and resting MCs.

Conclusion
Based on the bioinformatics analysis of the CeRNA network and tumor-infiltrating immune cells, our
research inferred that hsa-miR-200-3p, MALAT1 and SIX1 are involved in the internal mechanism of KIRC,
and the relationship between MALAT1 and tumor-infiltrating immune cells (MCs, TFH)
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RCC: Renal Cell Carcinoma

KIRC: Kidney Renal Clear Cell Carcinoma

CeRNA: Competing Endogenous RNA

MCs: Mast Cells resting

TFH: T cells Follicular Helper

mRNA: Messenger RNA

lncRNA: Long Non-Coding RNA

miRNA: MicroRNA

MRE: MiRNA Recognition Elements

NSCLC: Non-Small Cell Lung Cancer

RNA-seq: RNA Sequencing

TIICs: Especially Tumor-Infiltrating Immune Cells,

SLE: Systemic Lupus Erythematosus

TLS: Tertiary Lymphoid Structures

FSR: 5-year Survival Rate

FC: Fold Change

FDR: False Discovery Rate

ROC: Receiver Operating Characteristic
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Figure 1

The Flowchart of the Analytical Process
TCGA: The Cancer Genome Atlas.

Figure 2

Identification of Differentially expressed Genes
A: Heat map of differentially expressed mRNA. B: Heat
map of differentially expressed lncRNA. C: Heat map of differentially expressed miRNA. D: Volcano map
of differentially expressed mRNA. E: Volcano map of differentially expressed lncRNA. F: Volcano map of
differentially expressed miRNA



Page 16/21

Figure 3

Construction of CeRNA Network
The larger the width of each gene icon, the more nodes connected to the
gene. Green: mRNA. Blue: lncRNA. Yellow: miRNA.
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Figure 4

Construction of Risk Prognosis Model
A, B: results of lasso regression analysis. C: model survival curve
drawn by Kaplan-Meier method, Blue: low-risk Group, Red: high-risk group, P<0.001. D: ROC curve (the
value of AUC represents the area under the curve). E: Multivariate Cox regression analysis, Hazard ratio>1
represents positive correlation, Hazard ratio<1 represents negative correlation.

Figure 5

Identification of Differentially expressed Immune Cells
A: The heat map of differential immune cells B:
The histogram of differential immune cells.
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Figure 6

Construction of Risk Prognosis Model
A, B: Results of lasso regression analysis. C: Survival curve drawn
by Kaplan-Meier method, Blue: low-risk group, Red: high-risk group, P=0.01. D: ROC curve (the value of
AUC represents the area under the curve). E: Multivariate Cox regression analysis, Hazard ratio>1
represents positive correlation, Hazard ratio<1 represents negative correlation.
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Figure 7

Expression Quantitative of Immune Cells in Different Stages of Clinical
A: Heat map of the expression of
risk immune cells in the low-risk group and the high-risk group. Pink: low-risk group, Green: high-risk
group, Blue: low expression, Red: high expression. B: The expression quantitative of T cells follicular
helper in different stages. C: The expression quantitative of Mast cells resting in different stages.
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Figure 8

Co-expression Analysis
A: Co-expression relationship diagram between immune cells. Red: positive
correlation, Blue: negative correlation. B: Co-expression relationship diagram between immune cells and
key genes in the CeRNA network. Red: positive correlation, Blue: Negative correlation. C: Correlation
between lncRNA MALAT1 and Mast cells resting, P<0.001. D: Correlation between lncRNA MALAT1 and T
cells follicular helper, P<0.001.
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