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Background. Clear cell renal cell carcinoma’s (ccRCC) occurrence and development are strongly linked to the metabolic
reprogramming of tumors, and thus far, neither its prognosis nor treatment has achieved satisfying clinical outcomes. Methods.
The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases, respectively, provided us with information
on the RNA expression of ccRCC patients and their clinical data. Cuproptosis-related genes (CRGS) were discovered in recent
massive research. With the help of log-rank testing and univariate Cox analysis, the prognostic significance of CRGS was
examined. Different cuproptosis subtypes were identified using consensus clustering analysis, and GSVA was used to further
investigate the likely signaling pathways between various subtypes. Univariate Cox, least absolute shrinkage and selection operator
(Lasso), random forest (RF), and multivariate stepwise Cox regression analysis were used to build prognostic models. After that,
the models were verified by means of the C index, Kaplan-Meier (K-M) survival curves, and time-dependent receiver operating
characteristic (ROC) curves. The association between prognostic models and the tumor immune microenvironment as well as the
relationship between prognostic models and immunotherapy were next examined using ssGSEA and TIDE analysis. Four online
prediction websites-Mircode, MiRDB, MiRTarBase, and TargetScan-were used to build a IncRNA-miRNA-mRNA ceRNA
network. Results. By consensus clustering, two subgroups of cuproptosis were identified that represented distinct prognostic and
immunological microenvironments. Conclusion. A prognostic risk model with 13 CR-IncRNAs was developed. The immune
microenvironment and responsiveness to immunotherapy are substantially connected with the model, which may reliably predict
the prognosis of patients with ccRCC.

1. Introduction

CCRCC is the most prevalent subtype of renal malignancy,
accounting for nearly 70% of all cases [1]. In addition, it
exhibits higher rates of recurrence, metastasis, and mortality
when compared to chromophobe cell renal carcinoma
(cRCC) and papillary renal cell carcinoma (pRCC) [2, 3].
Due to the insidious nature of ccRCC, 30% of patients have
metastases when they are first diagnosed [4]. Currently,
partial or radical nephrectomy is the best treatment option

for nonmetastatic ccRCC patients, but this procedure has
a postoperative recurrence rate that can range from 20 to
40%, which has a substantial impact on patient prognosis
[5]. In addition, radiation and chemotherapy frequently
have poor results for patients with metastatic ccRCC, and
drug resistance brought on by prolonged medication fre-
quently results in a terrible prognosis. Despite the fact that
immunotherapies such as programmed death-1 (PD-1) and
programmed death ligand 1 (PD-L1) have been employed in
the treatment of ccRCC recently and have demonstrated
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some therapeutic results, some patients still do not respond
well to this course of action [6, 7].

According to previous research, copper can induce tumor
angiogenesis, which aids in the progression of cancer, as well
as be directly linked to the occurrence and growth of a variety
of malignancies [8-10]. Besides that, certain outcomes have
been attained previously based on the use of copper ion
chelators in the therapy of cancer [11, 12]. The key to
pathological and physiological processes is cell death, and
cuproptosis is the most recent type of death that differs from
previous cell deaths such as apoptosis [13], necrosis [14], and
terroptosis [15]. According to the research, iron-sulfur cluster
protein loss and fatty acylated protein aggregation are in-
duced by copper binding to tricarboxylic acid (T'CA) cycle
fatty acyl proteins, which results in death from toxic protein
stress [16]. In this regard, it is worth noting that studies have
shown that the occurrence and development of ccRCC fre-
quently involve reprogramming of the TCA cycle. This is
primarily accomplished by affecting the upregulation of the
VHL/HIF pathway, which results in the inhibition of the TCA
cycle, thereby promoting the occurrence and development of
ccRCC [17-19]. In view of this, the cuproptosis theory may
provide a novel approach to the therapy of ccRCC.

Long noncoding RNA (LncRNA) is a subclass of non-
coding RNAs that can take part in and control a number of
pathophysiological processes. IncRNA is a noncoding RNA
whose biological function is more than 209 bases long.
Similar to coding genes, IncRNAs can be chromatin
reprogrammed. Dysregulation and posttranscriptional reg-
ulation of enhancers are widely involved in biological,
physiological, and pathological processes. As a newly dis-
covered class of RNA molecules, several IncRNAs have been
identified as biomarkers of cancer, which control tumor
proliferation, immune evasion, cell death resistance, and
regional or distant metastasis. Therefore, IncRNA represents
an important improvement in our understanding of copper
worm disease and evidence that IncRNA is a therapeutic
target that can induce GC copper Fibrobacteres. However,
the specific role of IncRNA in the adjustment of aeruginosa
is largely unknown. By controlling metabolic reprogram-
ming, IncRNA can regulate carcinogenesis [20]. Addition-
ally, studies have shown that IncRNAs play a variety of roles
in the development of ccRCC, including upregulating
IncRNA PVT1 and activating the HIF2« pathway to promote
the growth and progression of ccRCC cells, as well as
IncRNA HCG18, which promotes ccRCC migration and
transfer by modulating the miR-152-3/RAB14 axis [21, 22].
LncRNA can also be used to predict the progression of
ccRCC [23, 24]. In a recent study, it was found that CRGS is
linked to immune infiltration and the immune checkpoint
PD-1, which can help predict how well ccRCC patients
would fare and offer new information about how to treat the
disease [25]. Nevertheless, there is still a lack of knowledge
about the mechanism of action of CR-IncRNA in ccRCC,
particularly its influence on prognosis. This study in-
vestigated the function of CR-IncRNA in ¢cRCC and de-
veloped a new prognostic model based on CR-IncRNA,
which may offer fresh perspectives for future studies on
ccRCC and patient-specific management.
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The proposed CR-IncRNA-based prognostic model in-
cludes the following advantages. (1) Due to the discrete
Fourier transform data, its main information components
are concentrated in the low-frequency part of the frequency
domain, and the high-frequency part is mainly secondary
information or noise. Therefore, the lengthening IncRNA
sequence can be truncated into a fixed-length vector by
intercepting the fixed-length part of the low frequency. (2)
Two traditional convolutional models were used vggl6_bn
build task models with Resnet18. Firstly, to adapt the data
dimension, the commonly used two-dimensional convolu-
tion and pooling are adjusted to one-dimensional convo-
lution and pooling. At the same time, since the label data are
a twenty-four-dimensional data, the task model is extended
to a multioutput model. LncRNA tissue-specific analysis was
performed on multiple output regression, multiple output
classification, and multilabel classification, respectively.

2. Methods and Materials

2.1. Data Collection. A recent significant study investigated
the cuproptosis subtypes and built a predictive model to
improve the prognosis of patients with CRC. Gene ex-
pression data were downloaded from the TCGA database to
identify distinct molecular subtypes using a nonnegative
matrix factorization algorithm [16]. Samples with a survival
time of less than 30 days were disregarded as we downloaded
the gene expression profile data, clinical information data,
mutation data, and copy number variation (CNV) data of
ccRCC from the TCGA official website. Finally, 71 normal
samples and 511 tumor samples were comprised. The GEO
database provided the CRGS gene expression profile in
ccRCC. Gene count values were employed for differential
analysis, and for downstream analysis, count values were
converted to log2 (TPM +1) values.

2.2. Analysis of Genetic Mutation Data of CRGS. The TCGA
Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) cohort
was used to investigate the differences in CRGS expression
between normal and malignant samples. These discrepancies
in gene expression were then re-examined in the GSE53757
and GSE40435 cohorts. We further confirmed them using
the immunohistochemistry results of proteins in the Human
Protein Atlas (HPA) database to assess their alterations in
protein expression. The location of these genes on different
chromosomes was visualized using the “RCircos” package,
the “maftools” package was used to plot the mutational
landscape of these genes, and finally, univariate COX re-
gression analysis and log-rank test were performed to in-
vestigate the impact of these genes on the prognosis of
ccRCC patients.

2.3. Consensus Clustering Analysis Based on CRGS. Using the
“ConsensusClusterPlus” R package, we performed un-
supervised clustering of the ccRCC samples based on the
expression patterns of the 19 CRGS. To ensure the stability of
the clusters, 1000 random repeated samplings were carried
out on 80% of the samples and all genes. The Euclidean
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distance clustering algorithm was selected. The appropriate
number of clusters was established through using cumula-
tive distribution function (CDF) and intra-group correla-
tion. To confirm the discriminating of various subtypes,
principal component analysis (PCA) was utilized. The
variations in survival among various subtypes were then
shown using K-M survival curves, and the log-rank test was
used to determine whether the differences were statistically
significant.

2.4. Identification of Molecular Characteristics, Immune In-
filtration Characteristics, and Immunotherapeutic Response
Based on Different Subtypes. The “GSVA” package was used
to study the pathways implicated in various subtypes
through gene set variation analysis (GSVA). To further
investigate the differences in immune infiltration features
across distinct subtypes, the infiltration abundance of di-
verse immune cells in different subtypes was estimated using
the single sample genes enrichment analysis (ssGSEA) al-
gorithm of the aforementioned R package. The tumor im-
mune dysfunction and exclusion (TIDE) approach, which
was developed in recent years, can be used to anticipate
whether immunotherapy will benefit tumor patients. This
research thorough investigation of hundreds of distinct
tumor expression profiles looked for indicators to predict
whether patients would respond to immune checkpoint
blockade (ICB) therapy, i.e., a higher TIDE score indicates
a lower likelihood of responding to immunotherapy [26].
The website it created (https://tide.dfci.harvard.edu/) was
subsequently used to forecast the immunotherapy response
in patients from different subtypes. The results of the
analysis were visualized using the R packages “tinyarray,”
“pheatmap,” and “ggplot2.” Statistical significance was set at
a P-value <0.05.

2.5. Differential Analysis of mRNA, IncRNA, and MicroRNA.
The three approaches of “Edger,” “DESeq2,” and “limma”
were utilized to produce the overlapping mRNAs, IncRNAs,
and microRNAs (miRNAs), which were then employed as
the differential genes. |Log2fold change|>1 and false dis-
covery rate (FDR)<0.05 were the screening criteria
thresholds for the approaches described above.

2.6. WGCNA Identifies Cuproptosis-Related Modules. The
“WGCNA” R package was used to conduct the WGCNA
analysis of the IncRNAs from the ccRCC samples. According
to the scale-free network criteria, the best soft threshold was
chosen. The modules with distances of less than 0.25 were
then combined, and the minimum number of genes for the
modules was set at 30. The modules having the strongest
association with cuproptosis were chosen for further analysis
after a correlation analysis between the modules and
cuproptosis phenotypic data was completed.

2.7. Construction and Evaluation of Prognostic Risk Scoring
Models. The R package “Caret” was used to first randomly
divide the ccRCC samples in the TCGA queue into training

and test sets in a ratio of 7: 3. The training set and test set are
used to train and test the model, respectively, to create
a stable model. After intersecting the differential IncRNA of
the ccRCC with the IncRNA in the module most associated
with cuproptosis discovered by the aforementioned
WGCNA, a univariate Cox regression analysis and log-rank
test were carried out. Subsequently, IncRNAs with a P value
<0.05 obtained by both of the above two test methods were
considered as candidate IncRNAs. We selected characteristic
genes using two machine learning approaches, namely,
Lasso regression and RF, to avoid the overfitting of the
model. A well-known machine learning technique called
lasso regression decreases the dimensionality of high-
dimensional data by assigning each feature a penalty co-
efficient that makes the coefficient of unimportant features
0 and therefore eliminates collinearity across features. Is
frequently employed to tune the COX proportional hazards
model (CPH) [27]. Studies have proven that RF can also be
used to model survival analyses, and a minimal depth (MD)
strategy has also been developed to identify key prognostic
characteristics, and recent studies have pointed out that tree-
based machine learning methods outperform deep learning
in dealing with tabular data [28-30]. The overlapping
IncRNAs chosen by the two machine learning methods
above were subjected to multivariate stepwise Cox re-
gression analysis, and the best CPH model was found
according to the Akaike information criterion (AIC) criteria,
which states that the smaller the AIC value, the better the
model’s performance [31]. The performance and precision of
the model in the training set were assessed by using the time-
dependent ROC curve and the C-index, and the perfor-
mance of the risk score as an independent prognostic in-
dicator was confirmed utilizing univariate and multivariate
Cox regression analysis. In order to more thoroughly assess
the performance of our prognostic model, we gathered
a number of IncRNA-based prognostic risk scoring models
developed based on the TCGA-KIRC cohort in recent years,
computed the time-dependent ROC curve and C index of
the IncRNA model based on the entire TCGA-KIRC cohort,
and compared them with our developed prognostic model
[32-37].

2.8. Construction of Competing Endogenous RNA (ceRNA)
Network. We predicted the target miRNAs of these
IncRNAs by applying the mircode website (https://mircode.
org/download.php) based on the overlapping IncRNAs
identified by the aforementioned univariate Cox analysis
and log-rank test. The resulting target miRNAs were
crossed with the differential miRNAs and then submitted to
miRDB  (https://mirdb.org/), miRTarBase (https://
mirtarbase.cuhk.edu.cn/), and targets can (https://www.
targetscan.org/). The target mRNAs of the aforemen-
tioned miRNAs were predicted by the three websites in
turn. The final target mRNAs were chosen based on pre-
dictions made simultaneously by the three websites™ pre-
dicted targets. We created a IncRNA-miRNA-mRNA
ceRNA network in the Cytoscape based on the above
predicted results.
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2.9. Functional Enrichment Analysis. Using the LNCSEA
online platform (https://bio.liclab.net/LncSEA/), the func-
tional enrichment analysis of the aforementioned prognostic
CR-IncRNAs was carried out [38]. Functional enrichment
annotation of CR-IncRNA target miRNAs was performed
using the miEAA online tool (https://ccb-compute2.cs.uni-
saarland.de/mieaa2/) [39]. In order to investigate the
probable biological pathways of patients in different risk
groups, we simultaneously performed gene set enrichment
analysis (GSEA) on patients in high- and low-risk groups
using the R package “clusterProfiler.” The adjusted Pvalue
<0.05 and g value <0.05 were used to identify statistically
significant enriched pathways.

2.10. Immunotherapy Response Prediction and Drug Sensi-
tivity Analysis. ICB therapy has now been proven to be
beneficial for some tumor patients, although the majority of
patients do not gain from it, which may be partially at-
tributed to tumor heterogeneity and varied immune
checkpoint expression. In order to determine whether pa-
tients might benefit from immunotherapy, we compared the
immune checkpoint expression between high- and low-risk
patients. We then used the TIDE website to estimate the
immunotherapy response for ccRCC patients in different
risk groups. Sensitive anticancer drugs were examined using
the “pRRophetic” R package for two risk groups. The
Wilcoxon rank test was used to analyze differences between
various risk groups, and a P value lower than 0.05 was
regarded as statistically significant.

2.11. Statistical Analysis. R software was used to perform all
analyses (version 4.1.2). The association analysis of two
categorical variables and the sample rate (composition ratio)
of two or more groups were both compared using the chi-
square test. To determine whether there were any differences
in the distribution of measurement data or grade data be-
tween the two groups, a Wilcoxon rank-sum test was uti-
lized. The Kruskal-Wallis test was used for nonparametric
comparisons when there were three or more groups. For
correlation testing in the correlation analysis, Spearman, and
distance correlation tests were employed. The statistical
significance was defined as a P value of 0.05, where * denotes
P value <0.05, ** denotes P value <0.01 and *** denotes P
value <0.001, and ns denotes no statistical significance.

3. Results

3.1. Landscape of Genetic Mutations in CRGS. The 19 CRGS
were acquired through recent significant scientific dis-
coveries [16]. Following that, differential analysis of the
previously mentioned genes in the TCGA cohort
revealed that, with the exception of LIPT1, LIPT2, and
ATP7A, which revealed no statistically significant dif-
ferences, the expression of the majority of CRGS differed
significantly between normal and tumor samples and
most of them were downregulated (Figure 1(a)). Next,
the expression levels of these CRGS were checked again
in the two GEO cohorts, GSE40435 and GSE53757, and
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although the results were slightly different from the
TCGA cohort, the general results were similar
(Figures 1(b) and 1(c)). It is common knowledge that
proteins carry out the majority of biological processes in
humans. To this end, we further assessed the variance in
these genes protein expression in the HPA database
between tumor and normal tissues. The outcomes
demonstrated that most genes expressed differently at
the protein level as well (Figure 1(f)). The findings from
the K-M survival curve were similar to those from the
univariate Cox analysis, with the exception that
CDKN2A and GCSH were risk factors, whereas the
remaining genes were protective (Figure 1(d)). The so-
matic mutation rate of each CRGS was incredibly low,
and just 23 (6.44%) of 357 ccRCC samples showed ge-
netic alterations, according to our analysis of somatic
mutations in these genes (Figure 1(e)). Figure 1(f)
demonstrates that the majority of CRGS have low
CNV frequencies. The frequency of copy number de-
letions is almost 9% for only PDHB. On the chromosome,
CRGS is located, as shown in Figure 1(c). We hypoth-
esized that the genetic variation in ccRCC is largely stable
because both somatic mutations and CNV frequencies
had very small sample sizes. Of course, additional ele-
ments such as methylation and histone modifications
might also be at work. According to the aforementioned
findings, CRGS has a significant impact on the prognosis
of ccRCC patients as well as the occurrence and pro-
gression of cancer.

3.2. Identification of Molecular Subtypes Based on CRGS.
We used the “ConsensusClusterPlus” R package, a consen-
sus clustering method based on a machine learning algo-
rithm, to perform unsupervised clustering of ccRCC
patients-based on the expression levels of the 19 CRGS.
Finally, as shown in Figures 2(a) and 2(b), we were able to
distinguish the cuproptosis molecules into two optimum
clusters, A and B, each of which had 335 and 176 samples,
respectively. Based on the abovementioned results, we can
infer that patients in clusters A and B reflect two distinct
cuproptosis phenotypes, with cluster A presenting the ac-
tivating subtype of cuproptosis and cluster B representing
the suppressing subtype. The PCA results demonstrated
good discrimination between the two distinct subtypes
(Figure 2(c)). A subsequent study of survival analysis
revealed that patients in cluster A had significantly higher
overall survival (OS) than those in cluster B (Figure 2(d)).
For the two subtypes, GSVA analysis identified separate
underlying biological processes and pathways (Figure 2(e)).
The pathways DNA repair, Myc targets, Reactive Oxygen
Species pathway, and Kras Signaling pathway, which are
typically linked to tumor development and tumor immune
inflammation, were significantly enriched in patients in
cluster B compared with patients in cluster A. Therefore, the
reason that cluster B patients have a poor prognosis may be
due to the activation of the aforementioned pathways.
However, the spermatogenesis, pancreas beta cells, heme
metabolism, and androgen response of patients in cluster A
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FIGURE 1: Identification of 19 CRGS and their genetic mutational landscape. (a) Differential expression of CRGS in the TCGA cohort;
(b) differential expression of CRGS in the GSE40435 cohort; (c) differential expression of CRGS in the GSE53757 cohort; (d) co-expression
network between CRGS; (e) mutation frequency of CRGS; (f) copy number variation frequency of CRGS. * P value <0.05, ** P value <0.01,

*** P value <0.001, **** P value <0.0001.

were significantly enriched. In light of the variations in the
biological pathways mentioned above, we investigated the
immune infiltration traits of the two subtypes. As can be seen
in Figure 2(f), cluster A had a larger concentration of in-
filtrating neutrophil, mast, and eosinophil cells, whereas
cluster B had a higher concentration of infiltrating activated
CD8 T cells, CD4 T cells, activated B cells, and myeloid-
derived suppressor cells (MDSC) cells. Then, using the TIDE
website, we predicted whether certain patient subgroups

would respond to immunotherapy. According to
Figure 2(g), patients in cluster A had lower TIDE scores,
making them more likely to benefit from immunotherapy.
Figure 2(h) compares the immunotherapy responses of
different patient subgroups (cluster A, 89% vs. cluster B,
72%). Our findings imply that therapeutic regimens de-
veloped for cuproptosis may be a potential anticancer target
in ccRCC patients and may improve ccRCC patients’ re-
sponsiveness to immunotherapy.



-4

consensus matrix k=2

Cluster
° A
° B

| |‘H | |\
i Il { l

il

l

di

(l |~ ‘H
i

Journal of Oncology

consensus CDF

10 —
08 |
0.6 —
a
8 ’
o > — -2
04— o3
(=3
=5
=6
m7
02 — s
mo
0.0 —
T T T T T T
00 02 04 06 08 10
consensus index
100
075
£
=
g
£
3
£ 050
E
= I
3 |
2
025 1
p<0.001 |
|
1
0.00
o 1 2 3 4 5 6 7 8 9 10 1 12
Time (years)
Number at risk
Zads 288 233 193 143 102 68 43 28 20 9 2 1
S B{ 176 145 120 9 73 46 29 18 12 10 4 1 0
o1 2 304 6 7 8 9 10 1 12
Time (years)
Cluster
= A
B
_ Cluster Cluster
\ \l | [ SPERMATOGENESIS lz .A
B

M I
».'\ i

il ";HW

‘\

I RLTRA

FIGURE 2: Contlnued.

n’

PANCREAS_BETA_CELLS
HEME_METABOLISM
ANDROGEN_RESPONSE
PROTEIN_SECRETION
APICAL_SURFACE
COAGULATION
KRAS_SIGNALING_DN
ESTROGEN_RESPONSE_EARLY
ESTROGEN_RESPONSE_LATE
HYPOXIA
MITOTIC_SPINDLE
UV_RESPONSE_DN
HEDGEHOG_SIGNALING
DNA_REPAIR
MYC_TARGETS_V2
REACTIVE_OXYGEN_SPECIES_PATHWAY
BILE_ACID_METABOLISM
‘ XENOBIOTIC_METABOLISM



Journal of Oncology

1.00

PR

P
ro—FE—
K
o
-

MDSC

Cluster
BA
BB

®

TIDE

-025

025 100
11%

28%

0.00

rcent weight

89%

Pes

72%
050

Responder
NR

RP

(® (b)

F1Gure 2: Consensus cluster analysis, immune infiltration analysis, and immunotherapy response analysis based on 19 CRGS. (a) Consensus
clustering-based on CRGS; (b) cumulative distribution function plot; (c) PCA analysis between two cuproptosis clusters; (d) survival
analysis between two cuproptosis clusters; (e) GSVA analysis; (f) differences between 23 immune cells in different cuproptosis clusters;
(g) differences in TIDE scores among different cuproptosis clusters; and (h) differences in immunotherapy response among different
cuproptosis clusters. * P value <0.05, **P value <0.01, *** P value <0.001, ****P value <0.0001.

3.3. Identification of CR-IncRNAs. As master regulators of
gene expression, IncRNAs have been implicated in a number
of malignancies in recent years. A notable illustration is
PCAT-1 dysregulation, which is strongly linked to the de-
velopment of prostate cancer [40]. Additionally, IncRNAs
can be employed independently to forecast tumor prognosis,
tumor progression, and disease diagnosis [41, 42]. Therefore,
we retrieved the IncRNA expression profiles of ccRCC pa-
tients from the TCGA database and, after deleting the
IncRNAs that were barely expressed, acquired 9024 IncRNAs
for WGCNA analysis. The WGCNA network was built using
the one-step method, and Figure 3(a) shows that there were
no outlier samples discovered and that the samples were well
clustered. The ideal soft threshold of 3 was identified using
the scale-free topology fitting index of 0.85 and network
connectivity as the standard (Figure 3(b)). A hierarchical
clustering dendrogram that obtained 10 modules is shown in
Figure 3(c). As can be seen from Figure 3(d), the blue, green,
and magenta modules are all significantly associated with
tumor and cuproptosis, but the blue module has the
strongest correlation with tumor (r=-0.5, P <0.001). As
aresult, we chose the IncRNAs identified in the blue modules
to further develop the prognostic molecular characteristics
of ccRCC patients.

3.4. Construction and Validation of Prognostic Risk Scoring
Model. We eventually discovered 4229 overlapping
mRNAs, 2287 overlapping IncRNAs, and 181 overlapping
miRNAs using the three methods of “EdgeR,” “DESeq2,”
and “limma” for gene differential analysis. The differential
IncRNAs were intersected with the 1033 IncRNAs in the blue
module above to provide 630 overlapping IncRNAs as
candidate IncRNAs. Subsequently, univariate Cox regression
analysis and the log-rank test yielded 116 IncRNAs with
prognostic significance (P value <0.05). Figure 4(a) displays
the optimum parameter (1) interval for Lasso regression
using 10-fold cross-validation. When we selected the A value

with the smallest mean error, we got 33 IncRNAs
(Figure 4(b)). The relationship between the number of trees
and the error rate in the RF algorithm is illustrated in
Figure 4(c), along with the characteristic genes the algorithm
identified. It is clear that as the tree expands, the error rate
curve gradually flattens out, showing that the number of
trees chosen was sound. The MD approach yielded
a threshold of 7.9681, and using this threshold, we were able
to derive 44 significant eigengenes (Figure 4(d)). By inter-
secting the IncRNAs produced by the previous two ap-
proaches, we identified 23 potential IncRNAs (Figure 4(e)).
Based on the aforementioned potential IncRNAs, a multi-
variate stepwise CPH model was created, and with an
AIC=1234.71, we were able to generate the ideal CPH
model for 13 IncRNA combinations in the training set
(Figure 4(f)).

The expression of IncRNA in the aforementioned model
and the regression coefficient obtained by multivariate
stepwise Cox regression analysis were used to generate the
risk score for each patient. The following is the calculating
formula: risk score =(—0.3586 * AC007637.1 exp) + (—0.2050
* LINC00113 exp) + (—0.5718 * AL162377.1 exp) + (-1.1979
* AL353803.2 exp) + (~0.5197 * PSMG3-AS1 exp) + (1.3177
* TFAP2A-AS2 exp) + (0.5387 « AC007881.3 exp) + (1.5752
* LINC01460 exp) +(0.9538 * LCMT1-AS1 exp) + (0.9434 =
HMGA2-AS1 exp) + (2.0661 = AC007993.3 exp) +(2.1685 *
AC117382.2 exp) + (—0.3046 * AC008556.1 exp). Based on
the median risk score, patients were separated into high- and
low-scoring groups. The risk score’s area under the curve
(AUC) at one year, three years, and five years is 0.800, 0.793,
and 0.819, respectively, according to the ROC curve of the
training set (Figure 5(a)). The ROC curve of the test set also
displays greater accuracy, with AUCs exceeding 0.75 at one
year, three years, and five years (Figure 5(d)). The C index,
which was 0.77 in the training set (Figure 5(b)) and 0.71 in the
validation set (Figure 5(e)), both of which were considerably
higher than the remaining clinicopathological variables, also
showed that the model had great consistency. In the training
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and test sets, the OS of patients in the high-score grouping
was considerably lower than that in the low-risk category
(Figures 5(c) and 5(f), P value <0.001). Additionally, the
prognostic risk model we created performs better than some
current models when comparing the two indicators of AUC
and the C index (Figure 5(g)). The results above show that the
prognostic risk score model based on 13 CR-IncRNAs can
precisely predict the prognosis of ccRCC patients.

3.5. Correlation of Prognostic Risk Scoring Models with Clinical
Pathological Features. The association between risk scores
and clinicopathological characteristics was also demon-
strated by our investigation. As observed in Figure 6(a),
grade and stage vary among various risk groups even if risk
scores are really not related to age and gender. Furthermore,
a greater risk score was significantly correlated with both
a higher grade and stage (Figure 6(b)). Likewise, the out-
comes of patients in the high-risk group were considerably
worse than those in the low-risk group in all clinical sub-
groups, according to the findings of the subsequent survival
analysis (Figure 6(c)). The risk score was also revealed to be

an independent prognostic factor in ccRCC patients by
univariate and multivariate Cox regression analysis
(Figures 6(d) and 6(e)). In light of the aforementioned
findings, the prognostic risk score model, which is made up
of 13 CR-IncRNAgs, is a very promising biomarker that can
not only accurately predict the prognosis of ccRCC patients
but also assess their clinical progression.

3.6. Correlation of Prognostic Models with Tumor Immune
Microenvironment and Immunotherapy Responses. The
ssGSEA analysis suggests that the immune infiltration fea-
tures of the patients in the two risk groups varied. While
patients in the low-risk group had higher rates of neutrophil,
immature dendritic cell, and mast cell infiltration, patients in
the high-risk group had higher rates of activated CD4 T cell,
activated CD8 T cell, and MDSC infiltration (Figure 7(a)). It
was further revealed by PCA analysis that the two patient
groups represented various immune cell infiltration mi-
croenvironments (Figure 7(b)). The majority of immuno-
logical checkpoints were more strongly expressed in the
high-risk group, whereas PD-L1 and PD-L2 expression were
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more prominent in the low-risk group (Figure 7(c)).
According to the current understanding, immunotherapy
has a greater chance of helping tumor patients the more
PD-L1 is expressed. Additionally, because the majority of
immune checkpoints are significantly expressed in the high-
risk group, it is more likely to produce immunosuppression,
which will cause the cancer to advance in those people. We
next used the TIDE online tool to predict immunotherapy
responses for patients in the two groups once more. The
findings demonstrated that the low-risk group had lower
TIDE scores than the high-risk group (Figure 7(d)).
Moreover, Figures 7(e) and 7(f) show that better immu-
notherapy outcomes are significantly correlated with lower
risk scores. Therefore, we can conclude that immunotherapy
is more likely to be beneficial for patients in the low-risk
group. Together, the prognostic risk score model may be

helpful in identifying patients’ TIME and forecasting their
response to immunotherapy.

3.7. Construction of ccRNA Networks. It is generally known
that miRNA can influence mRNA expression via binding to
mRNA. Asa ceRNA, IncRNA can also control the expression
of mRNA by competitively binding to miRNA, influencing
the occurrence and progression of cancer. To learn more
about the regulatory role of CR-IncRNA at the gene level, we
firstly predicted the target miRNAs of the aforementioned
prognostic CR-IncRNAs using the website miRcode,
yielding 23 differential miRNAs (Figure 8(a)). The target
miRNAs identified above were then used to predict the
target mRNAs via the miRDB, miRTarBase, and TargetScan
websites, and a total of 174 differentially overlapping
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FIGURE 5: Evaluation and validation of prognostic risk scoring models. (a-c) Time-dependent ROC curves, C index, and K-M survival
analysis in the training set; (d-f) time-dependent ROC curves, C index, and K-M survival analysis in the test set; (g) comparison of AUC

values and C-index of different prognostic risk score models.

mRNAs were discovered (Figure 8(b)). We created
a IncRNA-miRNA-mRNA ceRNA network based on the
results above (Figure 8(c)).

3.8. Functional Enrichment Annotation. We discovered that
the aforementioned prognostic CR-IncRNAs were consid-
erably enriched in cell proliferation, metastasis, stemness,
and EMT as well as being significantly related with a variety
of immune cells by enrichment analysis (Figures 9(a) and
9(b)). The miRNA enrichment analysis revealed that the

aforementioned miRNAs were significantly enriched in
pathways involved in the development of cancer and im-
mune inflammation, including the p53 signaling pathway,
the JAK-STAT signaling pathway, the expression of PD-L1,
the PD-1 checkpoint pathway in cancer, the chemokine
signaling pathway, and other pathways (Figure 9(c)). The
underlying biological pathways in patients in the high-risk
and low-risk groups were then further investigated using
GSEA analysis. According to the findings, the IL-6/JAK/
STATS3 signaling, E2f targets, and epithelial-mesenchymal
transition (EMT) pathways were considerably enriched in
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FiGure 7: Correlation of prognostic risk score models with immune infiltration and response to immunotherapy. (a) Differences in immune
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scores between high and low-risk groups; (e-f) differences in immunotherapy response between high and low-risk groups. * P value <0.05,

**P value <0.01, ***P value <0.001, ****P value <0.0001.

the high-risk group. Patients in the low-risk group, on the
contrary side, had significantly higher levels of pathways
such oxidative ylation, protein metabolism, fat acid meta-
bolism, and androgen response (Figure 9(d)).

3.9. Sensitivity Analysis of Antitumor Drugs. With the use of
the “pRRophetic” R package, we acquired 6 potentially sen-
sitive medications to help further direct the individualized
treatment of ccRCC patients. Results showed that in the high-

risk group, acadesine (AICAR), all-trans retinoic acid (ATRA),
palbociclib (PD-0332991), and cisplatin were more sensitive,
whereas in the low-risk group, GSK1904529A and KIN001102
were more sensitive (Figure 10).

4, Discussion

Using the TCGA and GEO datasets, this study investigated
the expression differences of CRGS at the gene level between
normal tissue and tumor samples, and further confirmed the
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FiGure 8: Construction of the ceRNA network. (a) Interaction network diagram between IncRNA and miRNA; (b) interaction network
diagram between mRNA and miRNA; (c) ceRNA network diagram of IncRNA-miRNA-mRNA. Yellow means upregulation, blue means
downregulation.

expression variations of CRGS at the protein level in the  be a therapeutic target for people with ccRCC. It is in-
HPA datasets. In ccRCC, the majority of CRGS were lowly  teresting to note that there were significant differences be-
expressed, and a survival study afterward indicated that most ~ tween the TIME of the two subtypes, with the subtype
CRGS were protective genes in ccRCC patients. In addition,  considerably downregulated in CRGS having a larger
the genetic mutation data analysis confirmed that the genetic =~ abundance of cytotoxic T lymphocytes (CTLs) infiltration
mutation of the above genes in ccRCC is relatively rare. The ~ but also more MDSC infiltration. It is well recognized that
two subtypes of cuproptosis clusters were then established =~ MDSC influence immunosuppressive tolerance through
by consensus clustering-based on the expression of 19  avariety of methods as significant elements of the milieu that
CRGS, and further analysis proved that the subtype with  suppresses the immune response to cancer. Numerous
high CRGS expression was substantially associated with  studies have proven that MDSC, in particular, suppress the
higher survival. These findings imply that cuproptosis might ~ T-cell immunological response by creating a lot of reactive
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oxygen species (ROS) [43-45]. Also, MDSCs have been
linked to a number of tumor-related events, including an-
giogenesis, treatment resistance, and metastasis [46]. This
may also explain why cluster B subtypes have lower survival
rates and higher CTLs infiltration. Notably, subsequent
GSVA analysis also supported the finding that patients with
the cluster B subtype had substantial ROS PATHWAY
enrichment. The outcomes of the TIDE online tool also
revealed that patients with the cluster B subtype responded
to immunotherapy less favorably. The statistics shown above
clearly demonstrate that cuproptosis is highly related to the
prognosis and immunotherapy of patients with ccRCC,
opening up new research directions.

LncRNA, which acts as master regulator of gene ex-
pression, has been linked to a number of cancers and can be
used independently to predict a patient’s prognosis and
make a diagnosis of the disease [40-42]. By using WGCNA,
we were able to recognize CR-IncRNA. Subsequently,
prognostic characteristic genes were further screened using
univariate Cox regression analysis, log-rank test, LASSO
regression, and RF. Finally, using multiple stepwise Cox
regression, an optimal prognostic risk score model made up
of 13 CR-IncRNAs was constructed. The model has strong
predictive performance and consistency, as indicated by the
ROC curve and the C index. Furthermore, it was discovered
that the CR-IncRNA-based prognosis models developed
using WGCNA and various machine learning algorithms
were typically superior to some current models when

compared to some IncRNA-based prognostic models de-
veloped in the TCGA-KIRC cohort in recent years.
Besides that, we investigated the relationship between
predictive risk scores and clinicopathological characteristics
and discovered that there was a substantial relationship
between risk scores and clinicopathological variables in
ccRCC. Furthermore, studies showed a significant positive
correlation between the risk score and the tumor’s aggres-
siveness, with the greater the risk score, the higher the tumor
grade and stage. Subsequent analysis of immune checkpoint
expression and immune infiltration analysis confirmed that,
except for PD-L1 and PD-L2, the remaining immune
checkpoints were more highly expressed in the high-risk
group, and the infiltration abundance of MDSC was also
higher. This demonstrates that patients with higher risk
scores are more likely to produce an immunosuppressive
microenvironment, enabling tumor cells to elude the im-
mune system’s surveillance and promoting the growth and
development of malignancies. Furthermore, evidence that
patients with greater risk scores had a worse response to
immunotherapy came from the TIDE study. We conducted
the GSEA analysis to investigate the mechanism underlying
this difference. Pathways including EMT and IL6 Jak Stat3
Signaling were discovered to be considerably enriched in the
high-risk group. Studies have already shown that activating
the EMT pathway can promote tumor cell infiltration, tumor
migration, and metastasis. It can also cause the formation of
an immunosuppressive microenvironment, which helps
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FIGURE 10: 6 potential antitumor drugs-based on prognostic risk score model. *P value <0.05, ** P value <0.01, ***P value <0.001.

tumor cells to escape the immune system [47, 48]. Mean-
while, the IL-6/JAK/ STAT3 Signaling pathway is over-
activated in many forms of cancer, and it is implicated in
driving cancer cell proliferation, invasion, and metastasis, as
well as interacting with TIME to inhibit antitumor immune

responses [49]. Moreover, it has been shown that the Stat3
transcription factor in the Stat3 signaling pathway can in-
crease the expression of S100A8 and S100A9, preventing
dendritic cell (DC) differentiation and stimulating the ac-
cumulation of MDSC, which in turn mediates the
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immunosuppressive effects [50]. According to the results
above, there may be a connection between the activation of
the aforementioned pathways and the differences in TIME
and immunotherapy responses amongst different risk
subgroups.

We developed a IncRNA-miRNA-mRNA ceRNA network
to more thoroughly elucidate the regulatory role of CR-IncRNA
at the gene level. Following enrichment analysis, it was dis-
covered that the aforementioned IncRNAs and miRNAs were
strongly linked to tumor development, metastasis, prognosis, cell
proliferation, and TIME. AICAR, ATRA, PD-0332991, Cis-
platin, GSK1904529A, and KIN001-102 were among the six
possible anticancer medications that were tested using drug
sensitivity analysis. And research has shown that ATRA can
enhance the survival of tumor-specific CD8 T cells and upre-
gulated MHC T expression in tumor cells to function as anti-
tumor immunity [51-53]. Additionally, it can also promote
MDSC differentiation and maturation, which in turn lowers
their population, triggering the immune system to inhibit tumor
growth [54]. A highly selective CDK4/6 inhibitor known as PD-
0332991 has been shown to have antiproliferative effects in
a variety of malignancies, including renal cell carcinoma and
liver cancer [55, 56].

This study has some relative merits overall. First off, the
CR-IncRNA-based prognostic model created by the
WGCNA and several machine learning algorithms can
successfully predict the prognosis of ccRCC patients. It
offers greater prediction performance and consistency
when compared to several other IncRNA-based models
already in use. Significant relationships between the model,
TIME, and immunotherapy were also discovered in the
final research. There are, however, some restrictions-based
on bioinformatics analysis, and multicenter prospective
studies are still required for validation in the latter phase,
which is also the main objective of our future
research work.

5. Conclusion

We explore the potential function of CRGS in ccRCC after
a thorough investigation. Based on CR-IncRNA, a model for
prognostic risk scoring was developed. This model can
distinguish TIME, predict the effectiveness of immuno-
therapy, and provide great and independent prognostic
performance in ccRCC patients, allowing for more per-
sonalized treatment. For upcoming ccRCC research, it offers
fresh perspectives and ideas.

Data Availability

The datasets used to support the findings of this study are
publicly available in the GEO database (https://www.ncbi.
nlm.nih.gov/geo/) and TCGA database (https://portal.gdc.
cancer.gov/).

Conflicts of Interest

The authors declare that they have no conflicts of interest.

17

Acknowledgments

This work was supported by the Medical Innovation Team
Project of Jiangsu Province [grant no. CXTDA-2017048]; the
Jiangsu Provincial Key Research and Development Program
[grant nos. BE2020758 and BE2019637]; the Key Project of
Xuzhou Science and Technology [grant nos. KC19075 and
KC21184]; and the Xuzhou Clinical Medicine Expert Team
Project [grant no 2018TD004], the Xuzhou Medical Out-
standing Talents (Xuzhou Health Education Research [2017]
No. 22).

References

[1] R.L. Siegel, K. D. Miller, and A. Jemal, “Cancer statistics,” CA:
A Cancer Journal for Clinicians, vol. 65, no. 1, pp. 5-29, 2015.

[2] J. C. Cheville, C. M. Lohse, H. Zincke, A. L. Weaver, and
M. L. Blute, “Comparisons of outcome and prognostic fea-
tures among histologic subtypes of renal cell carcinoma,” The
American Journal of Surgical Pathology, vol. 27, no. 5,
pp. 612-624, 2003.

[3] P.E. Teloken, R. H. Thompson, S. K. Tickoo et al., “Prognostic
impact of histological subtype on surgically treated localized
renal cell carcinoma,” The Journal of Urology, vol. 182, no. 5,
pp. 2132-2136, 2009.

[4] B. C.Leibovich, C. M. Lohse, P. L. Crispen et al., “Histological
subtype is an independent predictor of outcome for patients
with renal cell carcinoma,” The Journal of Urology, vol. 183,
no. 4, pp. 1309-1316, 2010.

[5] N. K. Janzen, H. L. Kim, R. A. Figlin, and A. S. Belldegrun,
“Surveillance after radical or partial nephrectomy for localized
renal cell carcinoma and management of recurrent disease,”
Urologic Clinics of North America, vol. 30, no. 4, pp. 843-852,
2003.

[6] A. Bex, L. Albiges, B. Ljungberg et al., “Updated European

association of urology guidelines for cytoreductive nephrec-

tomy in patients with synchronous metastatic clear-cell renal

cell carcinoma,” European Urology, vol. 74, no. 6, pp. 805-809,

2018.

L. Albiges, T. Powles, M. Staehler et al., “Updated European

association of urology guidelines on renal cell carcinoma:

immune checkpoint inhibition is the new backbone in first-
line treatment of metastatic clear-cell renal cell carcinoma,”

European Urology, vol. 76, no. 2, pp. 151-156, 2019.

T. Atakul, S. O. Altinkaya, B. I. Abas, and C. Yenisey, “Serum

copper and zinc levels in patients with endometrial cancer,”

Biological Trace Element Research, vol. 195, no. 1, pp. 46-54,

2020.

[9] A. Gupte and R. J. Mumper, “Elevated copper and oxidative
stress in cancer cells as a target for cancer treatment,” Cancer
Treatment Reviews, vol. 35, no. 1, pp. 32-46, 2009.

[10] V. L. Goodman, G. J. Brewer, and S. D. Merajver, “Copper
deficiency as an anti-cancer strategy,” Endocrine-Related
Cancer, vol. 11, no. 2, pp- 255-263, 2004.

[11] J. C.Juarez, O. Betancourt, S. R. Pirie-Shepherd et al., “Copper
binding by tetrathiomolybdate attenuates angiogenesis and
tumor cell proliferation through the inhibition of superoxide
dismutase 1,” Clinical Cancer Research, vol. 12, no. 16,
pp. 4974-4982, 2006.

[12] G.Khan andS. Merajver, “Copper chelation in cancer therapy
using tetrathiomolybdate: an evolving paradigm,” Expert
Opinion on Investigational Drugs, vol. 18, no. 4, pp. 541-548,
2009.

[7

[8


https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/

18

[13] B. A. Carneiro and W. S. El-Deiry, “Targeting apoptosis in
cancer therapy,” Nature Reviews Clinical Oncology, vol. 17,
no. 7, pp. 395-417, 2020.

[14] R. Weinlich, A. Oberst, H. M. Beere, and D. R. Green,
“Necroptosis in development, inflammation and disease,”
Nature Reviews Molecular Cell Biology, vol. 18, no. 2,
pp. 127-136, 2017.

[15] S. J. Dixon, K. M. Lemberg, M. R. Lamprecht et al., “Fer-

roptosis: an iron-dependent form of nonapoptotic cell death,”

Cell, vol. 149, no. 5, pp. 1060-1072, 2012.

Y. Huang, D. Yin, and L. Wu, “Identification of cuproptosis-

related subtypes and development of a prognostic signature in

colorectal cancer,” Scientific Reports, vol. 12, no. 1, pp. 1-10,

2022.

[17] W. M. Linehan, L. S. Schmidt, D. R. Crooks et al., “The
metabolic basis of kidney cancer,” Cancer Discovery, vol. 9,
no. 8, pp. 1006-1021, 2019.

[18] The Cancer Genome Atlas Research Network, “Compre-
hensive molecular characterization of clear cell renal cell
carcinoma,” Nature, vol. 499, no. 7456, pp. 43-49, 2013.

[19] H. I. Wettersten, O. A. Aboud, P. N. Lara, and R. H. Weiss,
“Metabolic reprogramming in clear cell renal cell carcinoma,”
Nature Reviews Nephrology, vol. 13, no. 7, pp. 410-419, 2017.

[20] Y. T. Tan, J. F. Lin, T. Li, J. J. Li, R. H. Xu, and H. Q. Ju,
“LncRNA-mediated posttranslational modifications and
reprogramming of energy metabolism in cancer,” Cancer
Communications, vol. 41, no. 2, pp. 109-120, 2021.

[21] M. X. Zhang, L. Z. Zhang, L. M. Fu et al., “Positive feedback

regulation of IncRNA PVT1 and HIF2« contributes to clear

cell renal cell carcinoma tumorigenesis and metastasis,”

Oncogene, vol. 40, no. 37, pp- 5639-5650, 2021.

Y. Yang, P. Gong, D. Yao, D. Xue, and X. He, “LncRNA

HCG18 promotes clear cell renal cell carcinoma progression

by targeting miR-152-3p to upregulate RAB14,” Cancer

Management and Research, vol. 13, pp. 2287-2294, 2021.

S.Zhang, F. Zhang, Y. Niu, and S. Yu, “Aberration of IncRNA

LINC00460 is a promising prognosis factor and associated

with progression of clear cell renal cell carcinoma,” Cancer

Management and Research, vol. 13, pp. 6489-6497, 2021.

[24] M. Li, B. Yin, M. Chen et al., “Downregulation of the IncRNA
ASB16-AS1 decreases LARP1 expression and promotes clear
cell renal cell carcinoma progression via miR-185-5p/miR-
214-3p,” Frontiers in Oncology, vol. 10, Article ID 617105,
2020.

[25] Z. Bian, R. Fan, and L. Xie, “A novel cuproptosis-related
prognostic gene signature and validation of differential ex-
pression in clear cell renal cell carcinoma,” Genes, vol. 13,
no. 5, p. 851, 2022.

[26] P.Jiang, S. Gu, D. Pan et al., “Signatures of T cell dysfunction
and exclusion predict cancer immunotherapy response,”
Nature Medicine, vol. 24, no. 10, pp. 1550-1558, 2018.

[27] H. R. Frost and C. I. Amos, “Gene set selection via LASSO
penalized regression (SLPR),” Nucleic Acids Research, vol. 45,
no. 12, Article ID el14, 2017.

[28] H. Ishwaran, U. B. Kogalur, X. Chen, and A. ]. Minn,
“Random survival forests for high-dimensional data,” Sta-
tistical Analysis and Data Mining: The ASA Data Science
Journal, vol. 4, no. 1, pp. 115-132, 2011.

[29] C.Strobl, J. Malley, and G. Tutz, “An introduction to recursive
partitioning: rationale, application, and characteristics of
classification and regression trees, bagging, and random
forests,” Psychological Methods, vol. 14, no. 4, pp. 323-348,
2009.

[16

[22

[23

Journal of Oncology

[30] L. Grinsztajn, E. Oyallon, and G. Varoquaux, “Why do tree-
based models still outperform deep learning on tabular data?,”
2022, https://arxiv.org/abs/2207.08815.

[31] H. Akaike, “A new look at the statistical model identification,”
IEEE Transactions on Automatic Control, vol. 19, no. 6,
pp. 716-723, 1974.

[32] D. Zhang, S. Zeng, and X. Hu, “Identification of a three-long
noncoding RNA prognostic model involved competitive
endogenous RNA in kidney renal clear cell carcinoma,”
Cancer Cell International, vol. 20, no. 1, p. 319, 2020.

[33] Y. Su, T. Zhang, J. Tang et al., “Construction of competitive
endogenous RNA network and verification of 3-key LncRNA
signature associated with distant metastasis and poor prog-
nosis in patients with clear cell renal cell carcinoma,” Frontiers
in Oncology, vol. 11, Article ID 640150, 2021.

[34] T. Li, H. Tong, J. Zhu et al., “Identification of a three-gly-
colysis-related IncRNA signature correlated with prognosis
and metastasis in clear cell renal cell carcinoma,” Frontiers of
Medicine, vol. 8, Article ID 777507, 2021.

[35] S.Lulu, H. Hualing, Z. Shan, C. Dianxi, L. Yiqing, and L. Qin,
“Establishing a prognostic model based on three genomic
instability-related LncRNAs for clear cell renal cell cancer,”
Clinical Genitourinary Cancer, vol. 20, no. 4, pp. e317-e329,
2022.

[36] H. Zhang, C. Qin, H. W. Liu, X. Guo, and H. Gan, “An ef-
fective hypoxia-related long non-coding RNAs assessment
model for prognosis of clear cell renal carcinoma,” Frontiers in
Oncology, vol. 11, Article ID 616722, 2021.

[37] T. Cui, J. Guo, and Z. Sun, “A computational prognostic
model of IncRNA signature for clear cell renal cell carcinoma
with genome instability,” Expert Review of Molecular Di-
agnostics, vol. 22, no. 2, pp. 213-222, 2022.

[38] J. Chen, J. Zhang, Y. Gao et al., “LncSEA: a platform for long
non-coding RNA related sets and enrichment analysis,”
Nucleic Acids Research, vol. 49, no. 1, pp. 969-980, 2021.

[39] C. Backes, Q. T. Khaleeq, E. Meese, and A. Keller, “miEAA:
microRNA enrichment analysis and annotation,” Nucleic
Acids Research, vol. 44, no. 1, pp. W110-W116, 2016.

[40] J. R. Prensner, M. K. Iyer, O. A. Balbin et al., “Transcriptome
sequencing across a prostate cancer cohort identifies PCAT-1,
an unannotated lincRNA implicated in disease progression,”
Nature Biotechnology, vol. 29, no. 8, pp. 742-749, 2011.

[41] R. A. Gupta, N. Shah, K. C. Wang et al., “Long non-coding
RNA HOTAIR reprograms chromatin state to promote
cancer metastasis,” Nature, vol. 464, no. 7291, pp. 1071-1076,
2010.

[42] J. B. de Kok, G. W. Verhaegh, R. W. Roelofs et al,
“DD3(PCA3), a very sensitive and specific marker to detect
prostate tumors,” Cancer Research, vol. 62, no. 9, pp. 2695-
2698, 2002.

[43] C. A. Corzo, M. J. Cotter, P. Cheng et al, “Mechanism
regulating reactive oxygen species in tumor-induced myeloid-
derived suppressor cells,” The Journal of Immunology, vol. 182,
no. 9, pp. 5693-5701, 2009.

[44] X. Chen, M. Song, B. Zhang, and Y. Zhang, “Reactive oxygen
species regulate T cell immune response in the tumor mi-
croenvironment,” Oxidative Medicine and Cellular Longevity,
vol. 2016, Article ID 1580967, 10 pages, 2016.

[45] S. Nagaraj, K. Gupta, V. Pisarev et al., “Altered recognition of
antigen is a mechanism of CD8+ T cell tolerance in cancer,”
Nature Medicine, vol. 13, no. 7, pp. 828-835, 2007.

[46] D. L. Gabrilovich, “Myeloid-derived suppressor cells,” Cancer
immunology research, vol. 5, no. 1, pp. 3-8, 2017.


https://arxiv.org/abs/2207.08815

Journal of Oncology

(47]

(48

(49]

[50

(51]

[52

(53

[54

(55]

(56]

A. Dongre and R. A. Weinberg, “New insights into the
mechanisms of epithelial-mesenchymal transition and im-
plications for cancer,” Nature Reviews Molecular Cell Biology,
vol. 20, no. 2, pp. 69-84, 2019.

S. Terry, P. Savagner, S. Ortiz-Cuaran et al., “New insights into
the role of EMT in tumor immune escape,” Molecular on-
cology, vol. 11, no. 7, pp. 824-846, 2017.

D. E. Johnson, R. A. O’Keefe, and J. R. Grandis, “Targeting the
IL-6/JAK/STATS3 signalling axis in cancer,” Nature Reviews
Clinical Oncology, vol. 15, no. 4, pp. 234-248, 2018.

P. Cheng, C. A. Corzo, N. Luetteke et al,, “Inhibition of
dendritic cell differentiation and accumulation of myeloid-
derived suppressor cells in cancer is regulated by S100A9
protein,” Journal of Experimental Medicine, vol. 205, no. 10,
pp. 2235-2249, 2008.

Y. Guo, K. Pino-Lagos, C. A. Ahonen et al., “A retinoic acid--
rich tumor microenvironment provides clonal survival cues
for tumor-specific CD8(+) T cells,” Cancer Research, vol. 72,
no. 20, pp. 5230-5239, 2012.

N. Bhattacharya, R. Yuan, T. R. Prestwood et al., “Normal-
izing microbiota-induced retinoic acid deficiency stimulates
protective CD8(+) T cell-mediated immunity in colorectal
cancer,” Immunity, vol. 45, no. 3, pp. 641-655, 2016.
W.Yin, Y. Song, Q. Liu, Y. Wu, and R. He, “Topical treatment
of all-trans retinoic acid inhibits murine melanoma partly by
promoting CD8(+) T-cell immunity,” Immunology, vol. 152,
no. 2, pp. 287-297, 2017.

N. Mirza, M. Fishman, 1. Fricke et al., “All-trans-retinoic acid
improves differentiation of myeloid cells and immune re-
sponse in cancer patients,” Cancer Research, vol. 66, no. 18,
pp. 9299-9307, 2006.

J. Bollard, V. Miguela, M. Ruiz de Galarreta et al., “Palbociclib
(PD-0332991), a selective CDK4/6 inhibitor, restricts tumour
growth in preclinical models of hepatocellular carcinoma,”
Gut, vol. 66, no. 7, pp. 1286-1296, 2017.

J. E. Logan, N. Mostofizadeh, A. J. Desai et al., “PD-0332991,
a potent and selective inhibitor of cyclin-dependent kinase 4/
6, demonstrates inhibition of proliferation in renal cell car-
cinoma at nanomolar concentrations and molecular markers
predict for sensitivity,” Anticancer Research, vol. 33, no. 8,
pp. 2997-3004, 2013.

19





