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Abstract \\
Background: Plenty of evidence has suggested that long non-coding RNAs (IncRNAs) have played a vital part may act as |
prognostic biomarkers in a variety of cancers. The aim of this study was to screen survival-related IncRNAs and to construct a
INncRNA-based prognostic model in patients with cutaneous melanoma (CM).

Methods: \We obtained INcRNAs expression profiles and clinicopathological data from the Cancer Genome Atlas (TCGA) and the
Genotype-Tissue Expression (GTEx) databases. A IncRNA-based prognostic model was established in training set. The established
prognostic model was evaluated, and validated in the validation set. Then, a prognostic nomogram combining the INcRNA-based risk
score and clinicopathological characteristics was developed in training set, and assessed in the validation set. The accuracy of the
model was evaluated by the discrimination and calibration plots.

Results: A total of 212 IncRNAs were identified to be differentially expressed in CM. After univariate analysis, LASSO penalized
regression analysis, and multivariate analysis, 3 INCRNAs were used to construct risk score model. The proposed risk score model
could divide patients into high-risk and low-risk groups with significantly different survival in both training set and validation set. The
ROC curve showed good performance in survival prediction in both sets. Furthermore, the nomogram for predicting 3-, 5-, and 10-
year OS was established based on IncRNA-based risk score and clinicopathologic factors. The prognostic accuracy of the risk model
was confirmed by the discrimination and calibration plots in both training set and validation set.

Conclusions: We established a novel three INcRNA-based risk score model and nomogram to predict overall survival of CM. The
proposed nomogram may provide information for individualized treatment in CM patients.

Abbreviations: AIC = Akaike information criterion, AJCC = the American Joint Committee on Cancer, CM = cutaneous
melanoma, DEGs = differentially expressed genes, DEINCRNAs = differentially expressed INncRNAs, FC = fold change, FDR = false
discovery rate, GO = Gene Ontology, GTE = the Genotype-Tissue Expression, KEGG = Kyoto Encyclopedia of Gene and Genomes,
LASSO = the least absolute shrinkage and selection operator, INcRNA = long non-coding RNAs, OS = overall survival, ROC =
receiver operating characteristic, TCGA = the Cancer Genome Atlas, TNM = tumor-node-metastasis, UCSC = the University of
Callifornia Santa Cruz.
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1. Introduction to treatment.!? It is reported that CM is the sixth leading cause of

cancer-associated mortality worldwide.! Its incidence is rising
Cutaneous melanoma (CM) is the most lethal form of skin  worldwide, especially in people with light complexion.!*! It is
malignancy.!" It is characterized by rapid progression, metastasis  estimated that there will be 91,270 patients were diagnosed with
to regional lymph nodes and distant organs, and limited response =~ CM, and approximately 9,320 individuals died from the
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condition in 2018 in the United States.'®! Early CM may be cured
by surgery, but advanced disease remains a challenge. Despite
recent advances in understanding CM biology and genetics, but
the prognosis of patients with advanced CM is still poor due to
the high potential of CM invasion and metastasis.!”! Therefore, it
is essential to explore the novel robust gene-based prognostic
nomogram to guide patients’ risk stratification and personalized
therapy.

Long non-coding RNAs (IncRNAs) are defined as RNA
transcripts longer than 200 nucleotides and are characterized by
no protein-coding ability due to lack of an obvious open reading
frame.!®! Mounting studies have revealed that IncRNAs get
involved in regulation of gene expression and chromatin
structure at epigenetic, transcriptional and post-transcriptional
levels, and then intervene in pathological processes of multifari-
ous diseases through the mechanisms of competitive endogenous
RNA, regulatory signal, protein scaffold, transcript decoy, and
transcript guide.”>'” Many IncRNAs have been identified as key
players to serving oncogenic or tumor-suppressive roles in a
variety of cancer types.' %! Aberrantly expressed IncRNAs can
promote cellular proliferation, invasion and metastasis, inhibit
apoptosis, and forecast a poor prognosis.''>*! For instance,
overexpression of IncRNA UCA1 expression could promote the
proliferation, migration and invasion of laryngeal squamous cell
carcinoma cells by activating the Wnt/B-catenin signaling
pathway. Thus, IncRNA UCA1 might serve as a promising
biomarker for early detection and prognosis prediction of
laryngeal squamous cell carcinoma.™®! Accumulating studies
have indicated that IncRNAs display important potential
application value in diagnosing, treating and predicting the
prognosis for malignancy.

At present, the American Joint Committee on Cancer’s (AJCC)
staging system for tumor-node-metastasis (TNM) is well
established for those having a melanoma.['>! However, this
staging system is not sufficient to assess prognosis and does not
reflect the biological heterogeneity of cancer. There are several
factors such as age, tumor site, mitotic rate, and ulceration that
can also influence the patients’ survival.l'*™18! In addition, this
system is not very useful in predicting individual patient
outcomes. Thus, continuously developing better prediction
models to predict the prognostic of CM more accurately are
warranted. In recent years, some prognostic nomograms have
been established for predicting the prognosis of CM based on
various clinicopathologic characteristics.'”?!! For example,
Maurichi et al. developed a nomogram to predict 12-year OS
based on 6 variables, including age, Mitotic rate, ulceration,
lymphovascular invasion, regression, and sentinel node status.*"’
But to the best of our knowledge, no prior prognostic models for
CM were established based on a combination of genetic features
and clinicopathological features. Therefore, the present study
aimed to build a novel IncRNA-based risk score system to predict
the prognosis of CM through a comprehensive analysis of TCGA
and GTEx sequencing data.

2. Materials and methods

2.1. Datasets collection

RNA sequence data and clinical information for 472 patients
with CK were obtained from the Cancer Genome Atlas (TCGA)
and all data of 812 normal tissue samples were obtained from the
Genotype-Tissue Expression (GTEx) project using the University
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of California Santa Cruz (UCSC) Xena website (https:/
xenabrowser.net/datapages/). A total of 10 CK patients were
excluded because their survival time was unknown. Finally, 458
patients were included in this study. All CM patients were
randomized to training set and validation set by the ratio of 1:1.
Approval by Ethics Committee would not be necessary because

all data had been collected from public availability of data in the
GTEx and TCGA databases.

2.2. The differentially expressed genes (DEGs) screening

The raw data were processed by background correction and
normalization by affy package of R/Bioconductor. Based on the
corresponding information between probes and genes, the
expression level of genes were calculated and presented by mean
value of probes. The R package limma was used to identify DEGs
between normal samples and tumor samples. Benjamin and
Hochberg false discovery rate (FDR) method was used to correct
the adjusted P value and correct the occurrence of false positive
results. The cut-off standard was defined as adjusted P
value <.05 and | log2 fold change (FC)|> 1.

2.3. Construction and evaluation of MC-IncRNA risk score

To discover potential protective (HR< 1) and risky IncRNAs
(HR > 1) that are significantly correlated with the overall survival
(OS) of patients with CM, a univariate Cox proportional hazards
model was used to screen out those with a significant P
value <.001. These potential IncRNAs were further selected by
using the least absolute shrinkage and selection operator
(LASSO) method."*?! The method performs a sub-selection of
IncRNAs involved in the prognosis of CM patients by shrinkage
of the regression coefficient through imposing a penalty
proportional to their size. Finally, most potential indicators
are reduced to zero and leave relatively small numbers with non-
zero weights. LASSO penalized regression was conducted using
“glmnet” package in the R software version 3.5.3 (Institute for
Statistics and Mathematics, Vienna, Austria; r-project.org).
These candidates were then subjected to a multivariate Cox
proportional hazards regression with stepwise selection of
variables based on the Akaike information criterion (AIC) for
identifying optimal prognostic IncRNAs. A risk score model was
constructed for predicting the prognosis of CM patients by taking
into account the expression level of these prognostic genes and
their estimated correlation coefficient from the multivariate Cox
regression model. The risk scores of each sample were calculated
according to the risk model. The CM patients were divided into
high-risk group and low-risk group based on the median risk
score as the cutoff value. Kaplan-Meier curves between high-risk
and low-risk group were created and compared using the log-
rank test. To evaluate the predictive value of the miRNA-based
prognostic model, we drawn the time-dependent receiver
operating characteristic (ROC) curve.*’!

2.4. Construction and validation of nomogram

To investigate whether the prognostic gene signature could be
independent of other clinicopathological parameters (including
age at diagnosis, gender, tumor stage, anatomic site, breslow
thickness, ulceration), Cox proportional hazard regression was
applied to identify significant prognostic factors with hazard
ratios (HRs) and 95% confidence intervals (95% Cls). Variables
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in the univariate analysis with P values <.05 were selected for
multivariate analysis using backward stepwise regression (likeli-
hood ratio). Using the results from the multivariate Cox PH
regression, we constructed a nomogram for predicting the 3-year,
S-year and 10-year OS.

Both external (validation set) and internal (training set) were
performed to examine the generalizability of the nomogram model.
The discrimination and calibration were used to assess the
prediction ability and compliance of the nomogram model. The
discrimination of the nomogram was evaluated using the C-index
(concordance index) similar to the area under ROC curve (AUC),
measuring the variation in the predictive ability between predicted
and observed outcomes.'**! Calibration plots were used to compare
the observed and predicted probabilities for the nomogram.

2.5. Functional enrichment analysis of the prognostic
IncRNAs

In order to identify the potential biological roles of the identified
IncRNAs, the GO terms and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses were carried out
through “clusterProfiler” package in R/Bioconductor.**!

The expression correlation between the prognostic IncRNAs
and each protein coding gene were calculated using the Pearson
correlation coefficients. The correlation coefficient > 0.4 and
P<.01 were considered significantly correlated.

2.6. Statistical analyses

All analyses were performed using SPSS software (SPSS Inc.,
Chicago, IL, version 23), along with version 3.5.3 of R software
(Institute for Statistics and Mathematics, Vienna, Austria; r-
project.org). P<.05 was considered statistically different.
Categorical data was shown as frequencies and different
proportions and was compared using the Chi-squared test or
Fisher exact test. Survival curves were created by the Kaplan—
Meier method and compared using the log-rank test. We used
univariate and multivariate Cox proportional hazard regression
analyses to screen the independent prognostic variables of OS
(P <.05). The Cox regression coefficients were used to establish a
risk score formula. The nomogram was built on the basis of
multivariate analysis results by the package of “RMS” in R
studio. The area under ROC (Receiver operating characteristic)
curve (AUC) and calibration were used to assess the prediction
ability and compliance of the nomogram model.**! Calibration
plots were used to compare the observed and predicted
probabilities for the nomogram.

3. Results
3.1. Identification of DEGs in CM

The overall design and flow chart of this study is shown in
Figure 1. Based on the cut-off criteria (P value <.01 and |log, fold
change (FC) | > 1.0), 212 differentially expressed IncRNAs
(DEIncRNAs), including 113 up-regulated and 99 down-
regulated IncRNAs were identified in tumor tissues (n=471)
when compared with that of normal tissues (n=813). The 458
patients were collected and divided randomly into a training set
(n=230) and a validation set (n=228). The median follow-up
time was 91 months (range: 0-937 months) in both sets. The
details of clinicopathologic characteristics for both sets were
listed in Table 1.
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3.2. Establishment and assessment of a risk score model

To identify the OS-related IncRNAs, 212 DEIncRNAs were
initially subjected to univariate Cox proportional hazards
regression analysis in the training set. The result showed that
8 IncRNAs were significantly correlated (FDR < 0.01) with the
OS of CM patients, and were subsequently selected into the
LASSO penalized regression. Three IncRNAs were identified and
were subsequently used for generation of a prognostic signature
using multivariate Cox proportional hazards regression with
stepwise selection of variables. Finally, 3 IncRNAs (LINC02518,
LINCO01871, and AC008687.3) were confirmed as independent
prognostic genes. These include 2 potential risky genes and 1
potential protective gene.

A prognostic risk score model was constructed using expression
levels of these 3 prognostic IncRNAs weighted by their correlation
coefficient in the multivariate Cox model (Table 2). The risk score
for OS was calculated as follows: risk score=1.409090362 *
(expression value of LINC02518)+—0.272949733 * (expression
value of LINCO01871)+3.780111396 * (expression value of
AC008687.3). We then used this model to calculate the risk score
for each patient in the training set. Using the median of the risk
score, as the cutoff value, patients were stratified into high-risk and
low-risk group in training sets. The heatmap, the risk score and
overall survival time, of these 3 prognostic IncRNAs in training set
were shown in Figure 2A. Patients are plotted in ascending order by
risk score. The higher the risk score, the shorter the patients’ overall
survival time. The risky genes (LINC02518 and AC008687.3) are
over-expressed in the high-risk group, while one protective gene
(LINCO01871) have higher expression levels in the low-risk group.
Moreover, it can be found that the normal group has the lowest
level of risky gene expression and the highest level of protective
gene expression, and the expression level of the low-risk group was
between the high-risk and normal groups. Kaplan-Meier curve and
time-dependent ROC curves were used to evaluate the prognostic
potential of the proposed risk score model. Kaplan-Meier curves
showed that patients with high-risk group had a significantly lower
OS than patients with the low-risk group (P <.001) (Fig. 4A). The
AUC:s (Area under the ROC curve) for 3-, 5-, and 10-year OS were
0.717, 0.724, and 0.633 for training set, respectively (Fig. 3A).

3.3. Validation of the risk score model

To validate the predictive ability of risk score model, risk scores
were calculated with the same formula for patient in the
validation set. According to the median of the risk score in the
validation cohort, patients were categorized into high-risk group
and low-risk group. In the validation set, the distribution of
survival status and risk scores of patients (Fig. 2B) have a similar
trend with that in the training set. Consistent with the results in
the training set, survival analysis showed a significantly lower OS
(p<0.001) in the high-risk group (Fig. 3B). The AUCs for 3-, 5-,
and 10-year OS were 0.638, 0.635, and 0.683 for validation set,
respectively (Fig. 4B).

3.4. Construction and validation of nomogram

To integrate all independent risk factors of OS for the
construction of prognostic nomogram, several clinicopathologi-
cal factors including RNA-seq based risk score model, age at
diagnosis, gender, anatomic site, tumor stage, Breslow thickness,
mitoses, ulceration, and Clark level, of each TCGA sample were
subjected to univariate and multivariate cox proportional
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Figure 1. Overall design of the present study.

hazards regression analyses. The univariate analysis demonstrat-
ed that age at diagnosis, tumor stage, Breslow thickness,
ulceration, Clark level, and risk score, were statistically
significantly correlated with the OS of CM patients in the
training set (Table 3). Further multivariate analysis indicated that
5 variables (age at diagnosis, tumor stage, Breslow thickness,
ulceration, and risk score) were independent prognostic factors
for OS. Then, we established a nomogram to predict 3-, 5-, and
10-year OS based on multivariate analysis (Fig. 4). The predictive
abilities of the nomogram were analyzed by the AUC values. For
the training set, the AUC value of the nomogram predicting the 3-
, 5-, and 10-year OS rates were 0.816, 0.76, and 0.76,
respectively, whereas the AUC value were 0.74, 0.621, and
0.621 in the validation set, respectively (Fig. 5). In addition, we
compared the performance of the nomogram with that of the
AJCC TNM stage. The predictive ability of our nomogram was
significantly superior to that of the TNM staging systems in the

training set (AUC=0.76 vs 0.569). The calibration plots
indicated no apparent departure form ideal line with optimal
agreement between prediction by nomogram and observation in
both the training and validation sets (Fig. 6).

3.5. Functional enrichment analysis of the three IncRNAs

To evaluate the potential function of the three-IncRNAs, the GO
enrichment analysis and KEGG pathways analysis were
performed using the co-expressed protein-coding genes of these
IncRNAs. With reference to the Pearson coefficient > 0.4 and
P<.001, a total of 467 IncRNAs significantly associated with the
three IncRNAs were identified. Genes showing the nominal
significance level of P<.05 were selected and tested against the
background set of all genes with GO annotations and showed in
an enriched scatter diagram. We found that regulation of
leukocyte activation (GO: 0002694, P=2.24E-49) was signifi-
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Clinicopathologic characteristics of CM patients included in this
study.

www.md-journal.com

Three prognostic IncRNAs significantly associated with OS in the
training set.

All patients Training set Validation set Gene Down/up- Hazard ratio
Variables (n=458) N (%) (n=230) N (%) (n=228) N (%) name Coefficient regulated (95% ClI) P value
Age (M+SD, years) 58.2+15.7 57.2+15.1 59.1+16.4 LINC02518 1.409090362 Up 4.09 (1.31-12.81) .016
Sex LINCO1871 —0.272949733 Down 0.76 (0.66-0.88) <.001
Female 174 (38.0%) 88 (38.3%) 86 (37.7%) AC008687.3 3.780111396 Up 43.82 (4.33-443.91) .001
Male 284 (62.0%) 142 (61.7%) 142 (62.3%)
Breslow thickness 5.6+8.5 54+5.8 5.5+9.5
(M+SD, mm)
Anatomic site processing and presentation, allograft rejection, Graft-versus-
Head and Neck 39 (8.5%) 20 (8.7%) 19 (8.3) host disease, and type I diabetes mellitus (Fig. 7B).
Trunk 216 (47.2) 112 (48.7) 104 (45.6)
Limbs 203 (44.3) 98 (42.6) 105 (46.1) . .
Ulceration 4. Discussion
No 144 (31.4%) 75 (32.6%) 74 (32.5%) The AJCC/TNM staging system is routinely used as a staging
Ygs , 165 (36.0%) 74 (32.2%) 70 (30.7%) procedure for CM patients.!'! Significant prognostic heteroge-
Missing data 149 (32.5%) 81 (35.2%) 84 (36.8%) - still exists in these Staze ZrouDines
Mitoses, n (%) neity still ex . 8¢ groupmgs. . .
< 1/mm? 36 (7.9%) 20 (8.7%) 16 (7.0%) In order to improve the prognosis of patients W%’[h CM,
> 1/mm? 133 (29.0%) 65 (28.3%) 68 (29.8%) treatment based on accurate patient stratification into the
Missing data 289 (63.1%) 145 (63.0%) 144 (63.2%) relevant group is crucial. In recent years, many aberrantly
Clark level expressed genes have been identified in CM and are significantly
I-Il 98 (21.4%) 45 (19.6%) 53 (23.2%) associated with the prognosis of CM, suggesting that a deeper
V-V 217 (47.4%) 106 (46.1%) 111 (48.7%) understanding of the genetic characteristics of CM may lead to a
Missing data 143 (31.2%) 79 (34.3%) 64 (28.1%) better risk stratification system.!**=28 In recent years, some
Stage ; , \ prognostic models have been established for predicting the
:I-IHIV f;? (45138 of) 188 (?12132 0;“) 19019 5155455;/@ prognosis of CM using only various clinicopathologic character-
- (47.0%) (48.5%) (45.5%) istics”! or genetic features.!**! Few CM prognostic models have

cantly enriched for biological processes. While for cellular
component was side of membrane (GO: 0098552, P=3.28E-24),
and for molecular functions was peptide antigen binding (GO:
0042605, P=2.48E~15) (Fig. 7A). Moreover, we analyzed the
KEGG pathway enrichment of these co-expressed genes of the
IncRNAs. The KEGG-based enrichment analysis revealed that
these genes exhibited significant enrichment in top 10 pathways
regarding cell adhesion molecules (CAMs), phagosome, staphy-
lococcus aureus infection, hematopoietic cell lineage, Th17 cell
differentiation, Th1 and Th2 cell differentiation, antigen

been established based on a combination of genetic and
clinicopathological features. For example, Chen et al'*”! used
only 4 IncRNAs to construct a prognostic model, without
including clinicopathologic variables. In addition, these IncRNAs
they obtained were not based on the differentially expressed
IncRNAs of melanoma tissue and normal tissue. Therefore, we
aimed to identified the differentially expressed IncRNAs
associated with OS of CM patients, and establish a novel
genetic-clinicopathologic prognostic model through the Cancer
Genome Atlas and GTEx databases.

In present study, a total of 458 CM patients was included, and
they were randomly assigned to training set and validation set.
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Figure 2. The distribution of risk score, the distribution of survival status, and the heatmap of three-IncRNA signature in training set (A) and in the validation set (B).
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Univariate and multivariate analyses of overall survival in the training set.

Univariate Analysis

Multivariate analysis

Variable HR (95%Cl) P value HR (95%Cl) P value
Age (M+SD, years) 1.024 (1.010-1.039) <.001 1.022 (1.001-1.043) .037
Sex

Female 1

Male 1.415 (0.929-2.153) .106
Breslow thickness (M+SD, mm) 1.079 (1.043-1.116) <.001 1.061 (1.007-1.117) 027
Anatomic site

Head and Neck 1

Trunk 0.974 (0.496-1.914) .939

Limbs 0.692 (0.344-1.389) .300
Ulceration

No 1 1

Yes 2,638 (1.626-4.281) <.001 1.535 (1.045-2.253) .028
Mitoses, n (%)

< 1/mm? 1 1

> 1/mm? 1.476 (0.994-2.191) 054
Clark level

8] 1 1

V-V 2.119 (1.433-3.650) .007 1.139 (0.569-2.280) 712
Stage

Il 1 1

M-IV 2.079 (1.353-3.197) <.001 2.240 (1.301-3.856) .004

We identified 212 differentially expressed IncRNAs between CM
tissues and adjacent normal tissues. After univariate analysis,
LASSO penalized regression analysis, and multivariate analysis, 3
IncRNAs were used to construct risk score model using their
expression levels weighted by corresponding correlation coeffi-
cient. The predictive performance of the risk score model was
good not only in the training set but also in the validation set. The
proposed risk score model could divide patients into high-risk
and low-risk groups with significantly different survival in both
training set and validation set. The ROC curve showed that the
risk score model can effectively stratify the risk of CM patients.
Furthermore, a nomogram for predicting 3-, 5-, and 10-year OS
was established based on IncRNA-based risk score and 3
clinicopathologic factors. The prognostic accuracy of the risk
model was confirmed by the discrimination and calibration plots
in both training set and validation set. Furthermore, the KEGG
pathway analyses showed that several significantly enriched
oncological signatures, inflammation, and immune response
which might help explain the underlying molecular mechanisms

of the model. These results demonstrated that the proposed 3
IncRNA-based risk model could be a useful indicator for CM
survival.

Compared to the IncRNA signatures of a previous study,
our model has several merits. First, we identified the DEIncRNAs
between CM tissues and adjacent normal tissues based on TCGA
and GTEx databases. However, previous study divided CM
patients into early-stage group and advanced-stage group, from
which the differentially expressed IncRNAs were identified.
Therefore, this will limit the application of their IncRNA
signature. Second, these IncRNAs of risk model were identified
by LASSO penalized regression and Cox regression analysis in
our study. The LASSO algorithm is more accurate than the
stepwise regression of a multivariate COX model, especially
when dealing with very large datasets.*"! Third, our nomogram
combining risk score with conventional clinical parameters like
TNM stage shown significantly improved performance, especial-
ly in predicting survival, indicating a more accurate reflection of
the great heterogeneity of CM.
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The dysregulation of IncRNA affects many biological cell
processes and ultimately affects the occurrence and development
of tumors.®?' Accumulating evidence demonstrated that
abnormal expression of IncRNAs is associated with clinico-
pathological characteristics and prognosis in melanoma,
suggesting that IncRNAs may serve as diagnostic or prognostic
biomarkers.>>=3*! In our study, the risk model included
there prognostic IncRNAs (LINC02518, LINCO01871, and
AC008687.3), of which two (LINC02518 and AC008687.3)
was risky genes, and LINCO01871 was protective gene.
However, to the best of our knowledge, no studies have been
conducted on the effects of these 3 IncRNAs, both clinically and
from the standpoint of molecular mechanism. Therefore, further
research is needed to validate their roles in CM.

Several studies have indicated that the inflammation and immune
are significantly associated with progression of melanoma.?*®!

In our study, functional enrichment analysis indicated that co-
expressed genes of the IncRNAs were identified in several immune
and inflammation-related pathways including the following: cell
adhesion molecules (CAMs), phagosome, staphylococcus aureus
infection, Th17 cell differentiation, Th1 and Th2 cell differentia-
tion, antigen processing and presentation, allograft rejection, and
Graft-versus-host disease. These results imply that the three
IncRNA models may be involved in the regulation of immune
and inflammation-related pathways, thereby affecting survival of
CM patients.

Several limitations were existed in our study. First, the training
set and the validation set were from the same database. An
external clinical data from independent cohorts are necessary to
validate the three-IncRNA risk model and prognostic nomogram.
Second, all analyses in our study are descriptive, further
functional experiments are needed to explore the molecular
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mechanisms of these three IncRNAs. Third, the sample size of this
study was limited. Further studies with large-scale and prospec-
tive studies are warranted to validate this predictive tool.

5. Conclusions

The present study conducted a novel IncRNA-based prognostic
model incorporating three-IncRNA risk score and clinicopatho-
logical factors to predict overall survival of CM patients, which
may help in clinical decision making for individualized treatment.
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