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Abstract. — OBJECTIVE: Non-coding RNAs
occupy a significant fraction of the human ge-
nome, and their biological significance during
the pathological process is proved. More and
more IncRNAs are reported in cancer research.

MATERIALS AND METHODS: To investigate
the non-coding RNA'’s biological relevance with
cutaneous skin melanoma, we first compared
the survival analysis by combining the most
differentially expressed mRNA and non-coding
RNA expression values.

RESULTS: The result showed that the abun-
dantly expressed mRNAs and IncRNAs have sig-
nificant effects on the survival of patients. Com-
pared to the mRNAs, these IncRNAs have more
impact on the progress of cutaneous skin mela-
noma. Thus, we combined the two types of RNA
factors having significant effects as risk factors
to construct the diagnosis model, and the sur-
vival analysis confirmed the robustness of the
diagnosis model.

CONCLUSIONS: In summary, a list of eight In-
cRNA and five mRNA expression signatures can
be used to improve the prognosis prediction of
cutaneous skin melanoma, as well as help us to
understand the pathogenic mechanism and pro-
vide a hint for targeting therapy.
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Introduction

Those untranslated transcripts longer than 200
bp are named as long non-coding RNAs (In-
cRNAs). They possess many structural charac-
teristics same as mRNAs except conserved open
reading frame. As backed by a lot of emerging

evidence, those non-coding RNAs occupy a sig-
nificant fraction of the human genome. Many hu-
man diseases are reported to have aberration on
IncRNAs because of their involvement in DNA
methylation, histone modification, and chromatin
remodeling.

Melanoma, cancer with long-term and rapid
rising incidence, was responsible for 5% of the
new cancer cases in America in 2018' and is the
culprit of approximately 80% of skin cancer-re-
lated deaths?. The prognosis for most patients
with this disease is poor, having a 5-year sur-
vival rate of around 16-80%'3. Effective treat-
ment options, which were brought about by
novel insights relating to mutations that drive
tumorigenesis and immune escape mechanisms
of these tumors have revolutionized treatment’.
By targeting biomarkers or checkpoints, we can
improve the overall survival rates in patients*”.
Thus, identifying suitable prognosis biomarkers
for skin cutaneous melanoma (SKCM) could
benefit the diagnosis and treatment of this can-
cer.

As primary sources of prognosis biomarkers
for SKCM, messenger RNA (mRNA) and the
long non-coding RNAs (IncRNAs) have been
investigated in many researches®®. Some early
research’ reported that mRNAs are involved
in developing this cancer. From the view of
epigenetic mechanisms, cancer-related IncRNAs
and some abnormally expressed ones were also
proved to have potential roles in the metastasis
of melanoma. Branca et al' showed that SK-
CM is predictable through genomic biomarkers
through a meta-analysis of 204 tumors. Winne-
penninckx et al'"'? identified 254 genes whose
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expression was associated with metastatic dis-
semination of SKCM. Wang et al® characterized
the role of messenger RNA signatures in mela-
noma tumorigenesis and metastasis in 2017 by
employing 74 train sets and 58 test sets from the
Gene Expression Omnibus database. Along with
the increase of samples of SKCM in The Cancer
Genome Atlas (TCGA)", more thorough investi-
gations that look at the potential involvement of
mRNAs in melanoma tumorigenesis and metas-
tasis are required.

This study conducted RNA-sequencing data
analyses with 479 SKCM samples from TCGA
projects. We firstly compared the diagnosis val-
ues of mRNAs and IncRNAs. Then we screened
the abundantly expressed IncRNAs and mRNAs
to construct a prognosis model. We compared
their diagnosis performance and analyzed their
relationship. Finally, our results showed that eight
IncRNA and five mRNA signatures could be used
to calculate the risk score of SKCM.

Materials and Methods

Expression and Clinical Data of Patients
All sample information was downloaded from
the TCGA database (Figure 1A), which has a col-
lection of 459 SKCM patients". The RNA-seq da-
ta included protein-coding genes and IncRNAs.
Altogether, 21,257 mRNA and 14,371 IncRNAs
profiles were acquired for all the patients and

were normalized as Fragments per Kilobase Mil-
lion (FPKM). Related follow-up information was
also obtained from TCGA.

Next, training and test sets were randomly
generated to build the diagnosis model. The train-
ing set includes 230 clinician samples, while the
training set includes 229 clinician samples (Fig-
ures 1B and 1C).

Definition of the mRNA and IncRNAs
Abundantly Expressed

The expression levels of mRNAs and IncRNAs
vary significantly in and among patients. Thus,
we take those mRNAs and IncRNAs expressed
in 50% of samples as abundantly expressed ones.
With this step, the number of mRNAs was re-
duced to 17,912, and the number of IncRNAs
was decreased to 6,567. That means 15.73% of
mRNAs and 54.30% IncRNAs are not general-
ly expressed or are not detected by sequencing
technology. Thus, this step would make sure the
robustness of the following analysis.

Identification and Selection of
Prognostic-Related mRNA and IncRNAs
Firstly, a correlation analysis was performed
between the overall survival time and expression
level of mRNAs and IncRNAs from the training
set containing 230 samples. For this analysis, the
Survival package was applied under the com-
puting environment R'*. Those mRNAs and In-
cRNAs having a significant correlation with the
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Figure 1. Flowchart to screen RNA signatures to construct the prognosis model of SKCM. A, First, data are processed
through downloading from TCGA and filtering abundantly expressed RNA signatures. B-C, Afterward, we randomly split the
459 patients into a training set with 230 samples and a test set with 229 samples. Then We get differently expressed genes with
univariable cox regression analysis, and two formulas to calculate the risk score were constructed based on the two different
signatures. Further survival analysis and a literature search were performed to verify the results.
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survival time were identified as possible prognos-
tic-related factors (Figure 1).

Secondly, Rbsurv packge'*!” was used to per-
form a robust likelihood-based survival analysis.
We could further screen possible prognostic and
IncRNAs from the set of possible prognostic-re-
lated mRNA and IncRNAs mentioned above. In
the training set, the possible prognostic related
mRNA and IncRNA genes acquired from the last
step were fitted using an unviable cox regression
model. Then, we used all samples and the test set
to evaluate the estimation parameters.

Thirdly, this process was repeated 10 times,
which means each gene has 10 log likelihoods.
We selected mRNA and IncRNA genes with the
most significant average log-likelihood value, and
a series of the predictive model was constructed.
Finally, an optimal predictive model was select-
ed with the lowest Akaike information criterion
(AIC) value. As a result, five prognosis-related
mRNAs and five prognoses-related IncRNAs and
mRNAs were strictly selected.

Establishment and Validation of the Risk
Score Formula

Integrating all chosen mRNAs, a risk formula
was established based on the estimated regression

coefficients for the training set. With this formula,
the risk scores for all patients from the training
set could be calculated, and then these patients
can be grouped into two groups: the high-risk
group and the low-risk group. Additional receiver
operating characteristic (ROC) curve was drawn
with survival ROC package in R environment,
and then an optimal cut-off was set. The acquired
high-risk and low-risk groups are assessed by the
Kaplan-Meier estimate and compared using a log-
rank test. To further validate the formula, we also
applied it to fit in the test and complete dataset.

Results

Possible Prognostic Related mRNAs and
LncRNAs for SKCM

21,257 mRNA and 14,371 IncRNAs expression
profiles were acquired for 459 patients from TC-
GA (Figure 2A). Some genes whose expressions
were not detected may result in the technology
variation. Thus, we filtered out those mRNAs and
IncRNAs with no expression information in 50%
of samples of the 459 patients. After this step, we
got 17,912 mRNAs and 6,567 IncRNAs. They are
supposed to be abundantly expressed (Figure 2A).
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Figure 2. Identification of the signatures as possible risk factors. A, The distribution of genes with different abundance.

The red line indicts genes express in half samples. 5S-mRNA-based risk scores. B, The distribution of patients with different
statuses. Some patients are dead while another is alive. All and the spliced two datasets have a similar distribution. C,
Expression pattern of the RNA signatures, which are used as risk predictors. D, The risk scores predicted with two RNA
signatures are similar
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Next, the univariable cox regression analysis
was performed on a randomly generalized train-
ing set, including expression data of 230 patients.
We acquired a set of differentially expressed
genes, including 3,254 mRNA genes and 1,223
IncRNAs (Figure 2B, p <0.05). These are used
as possible prognostic factors. Twenty mRNA
genes with the lowest p values (p <0.0000002)
and twenty IncRNAs (p <0.00013) were shown
in Table 1.

To check whether these factors could be used
as prognostic factors, we take those patients
with high expression of these 20 mRNAs and
IncRNAs as high-risk ones and patients with low

expression of these 20 mRNAs and IncRNAs as
low-risk ones to perform survival analysis. The
results showed that samples with higher gene
expression levels have a terrible survival prob-
ability (p <0.5). From the survival analysis, it
could be found that the 20 mRNAs may perform
better than the 20 IncRNAs in diagnosing SKCM.
Among the mRNA genes, RARRES3 is reported
to be mildly expressed in tumor cells"!"”. GBP4
mRNAs in SKCM are associated with a favorable
prognosis and may act as potential prognostic
biomarkers®. Moreover, PSMB9 is also related
to the SKCM?'. Among the IncRNA genes, Thus,
our analysis results are robust and reliable.

Table I. Twenty mRNA and IncRNAs with the lowest p-values.

Ensemble ID

mRNA

IncRNA

ENSG00000108700.4
ENSG00000004468.11
ENSG00000140511.10
ENSG00000162654.8
ENSG00000169245.5
ENSG00000145649.7
ENSG00000240065.6
ENSG00000133321.9
ENSG00000137496.16
ENSG00000143185.3
ENSG00000138755.5
ENSG00000179344.15
ENSG00000105374.8
ENSG00000239713.6
ENSG00000092010.13
ENSG00000275302.1
ENSG00000162645.11
ENSG00000198502.5
ENSG00000128284.18
ENSG00000245498.5
ENSG00000235831.5
ENSG00000271646.1
ENSG00000272341.1
ENSG00000267074.1
ENSG00000206337.9
ENSG00000276116.2
ENSG00000261616.1
ENSG00000178977.3
ENSG00000205537.2
ENSG00000224429.6
ENSG00000257924.1
ENSG00000237352.2
ENSG00000237372.2
ENSG00000227531.1
ENSG00000246526.2
ENSG00000237775.1
ENSG00000275557.1
ENSG00000256262.1

Symbol nloglik AIC
CCLS 462.25 926.51*
CD38 460.72 925.43*
HAPLN3 456.83 919.65*
GBP4 455.39 918.78%*
CXCLI10 453.91 917.81%*
GZMA 453.22 918.45
PSMB9 452.38 918.75
RARRES3 451.84 919.68
IL18BP 451.05 920.1
XCL2 449.39 918.77
CXCL9 449.02 920.04
HLA-DQBI 448.89 921.78
NKG7 448.84 923.68
APOBEC3G 448.82 925.63
PSMEL1 446.83 923.67
CCL4 446.81 925.62
GBP2 446.75 927.5
HLA-DRBS 446.59 929.18
APOL3 44515 928.3
RP11-677M14.7 497.62 997.24%
BHLHE40-AS1 491.74 987.47*
RP11-326I11.3 489.04 984.08*
RP1-151F17.2 487.47 982.94*
RP11-1094M14.5 486.98 983.95*
HCP5 485.62 983.24*
FUTS8-ASI 484.38 982.76*
RP11-602.3 482.07 980.14*
LINCO00324 481.93 981.86
RP11-89H19.1 480.1 980.2
LINCO00539 480.09 982.17
RP11-493L12.5 479.67 983.33
RP11-145M4.3 478.86 983.72
UNQ6494 478.82 985.63
RP11-202G18.1 478.68 987.37
RP11-539L10.2 478.58 989.15
DDR1-ASI 474.1 982.2
RP11-353N4.6 473.98 983.95
USP30-AS1 473.1 984.2

*Based on the 5 mRNA and 8 IncRNA, a signature-based risk model was constructed based on corresponding Cox coefficients

to investigate the prognosis of SKCM comprehensively.
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Screening Possible Prognostic Factors
and Constructing Calculation Model for
Risk Score of SKCM

A robust likelihood-based on survival anal-
ysis was performed, and according to the AIC
values, we got eight IncRNAs and five mRNAs
as signatures that could be used to construct the
risk models, respectively (Table I). Among these
mRNAs, CCL8 has been demonstrated to have a
regulatory role during the progression of melano-
ma*2, CD38 is reported to play a role in murine
and human lung tumorigenesis®. Furthermore,
HAPLNS3 also has an increased expression in can-
cer cells*. In summary, all the mRNA signatures
identified in this study are reliable prognostic
factors related to mRNAs for SKCM (Figure 2C).

To comprehensively investigate the possibil-
ity of using 5 significant mRNA factors for the
prognosis of SKCM, a 5S-mRNA and 8-IncRNA

signature-based risk were constructed based on
corresponding Cox coefficients.

The risk scores for the test sets were calculated
using the two formulas we got from the training set.
The survival time of SKCM patients was adversely
associated with their risk scores (Figure 2D).

Patients with high-risk scores predicted by
mRNA signatures tend to have high CD38 and
CXCLI10 expression and low CCLS, HAPLN3
and GBR4 expression. Patients in the low-risk
group have significantly longer life spans than
those in the high-risk group. It also showed that
the predictive ability of the risk score is higher
than any of the identified mRNAs. ROC analysis
was performed for the 5-mRNA risk scores to
compare the specificity and sensitivity of survival
prediction. The area under the curve (AUC) was
0.718, and the cut-off point selected was -1.316
(Figure 3A). With this cut-off point, the patients
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Figure 3. Application of risk score based on five mRNA signatures in the train set. A-B, ROC analysis of the sensitivity and
specificity of the survival time by the 5-mRNA/8-IncRNA signature-based risk score. C-D, Kaplan-Meier estimates patients’
survival status and time using the median mRNA/IncRNA risk score cut-off in the train set.
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were further divided into a high risk-group and
a low-risk group, which revealed a significant
difference. The Kaplan-Meier curve and log-rank
test further indicated a substantial difference in
survival time between the high-risk and low-risk
groups (Figure 3C).

Patients with high-risk scores predicted by In-
cRNA signatures tend to have high BHLHE40-AS1
expression and low RP11-677M14.7, RP11-326111.3,
RP1-151F17.2, RP11-1094M14.5, HCPS, FUT8-AS1
and RP11-602.3 expression. The area under the
curve (AUC) here was 0.67, and the cut-off point
selected was -1.289 (Figure 3B). With this cut-off
point, the patients were further divided into a high
risk-group and a low-risk group, which revealed a
significant difference. The Kaplan-Meier curve and
log-rank test further indicated a substantial differ-

ence in survival time between the high-risk and
low-risk groups (Figure 3D), being more significant
than that with the above five mRNAs.

Further Survival Prediction Over the
Test Set and Whole Set Showed the
Robustness of These Prognostic Indicators
The above results showed that prognostic in-
dicators both have good performances over the
training set. Here, further validations were made
in the complete set and test set. Using the same
formula and selecting optimal cut-off points
based on mRNA signatures on the complete set, a
total of 184 patients were recognized as high-risk
ones, and a total of 275 patients were identified
as low-risk ones (Figure 4A). In comparison, 198
patients were recognized as high-risk ones with
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Figure 4. Application of risk score based on five mRNA signatures to predict the survival probability of SKCM patients. A-B,
Kaplan-Meier estimates patients’ survival status and time using the median mRNA/IncRNA risk score cut-off in the whole
dataset. A total of 184 patients were predicted as high-risk ones, while a total of 275 patients were predicted as low risk. The
log test showed that the two groups have a significant survival probability difference. C-D, Kaplan-Meier estimates patients’
survival status and time using the median mRNA/IncRNA risk score cut-off in the test set. For 249 patients in the test dataset,

the low-risk ones have higher survival probabilities.
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IncRNA signatures (Figure 4B). For the test set,
94 patients were high-risk, 135 were low-risk, and
102 patients were recognized as high-risk (Fig-
ures 4C and 4D). In both sets, the mRNA signa-
tures could distinguish the patients with survival
rates very well (p < 0.0003).

Discussion

In this study, a list of 5 mRNAs and 8 IncRNAs
were identified as effective indicators for the sur-
vival of patients with SKCM based on an analysis
of the training set containing 230 SKCM patients.
Two formulas based on the 5 mRNAs and 8 In-
cRNAs were developed independently to predict
the survival probability of SKCM patients, which
were validated within the training dataset and the
whole dataset. Patients with high-risk scores tend
to have lower survival probabilities, while those
with low-risk scores tend to live longer.

Patients with high-risk scores tend to have high
CD38, CXCL10, BHLHE40-AS1 expressions
and low CCL8, HAPLN3, GBP4, AP000866.1,
AC099343.3, AL137003.2, ACO015911.3, HCPS,
FUT8-AS1 and ACO036108.3 expressions. The
knockdown of CD38 and CXCLI10 helps inhib-
it tumorigenesis®*. C-C chemokine ligand 8
(CCLS8) was reported to mediate the migration of
CCR5(+) regulatory T cells, and HAPLN3 was
reported to have a slight effect on cancer devel-
opment**. Guanylate binding protein 4 GBP4 acts
as a critical inflammasome adaptor required for
prostaglandin biosynthesis and bacterial clear-
ance by neutrophils*. Here, we may have formed
a new understanding regarding their cooperative
relationships for the survival of SKCM patients.

Although the Kaplan-Meier curves and the
log-rank test both showed that the risk scores
could efficiently predict the survival probability
of SKCM patients, the AUC was 0.718, which is
not enough. In addition, the mRNAs employed
for prediction are only five. Thus, IncRNAs, miR-
NAs, and SNP, together with other factors, should
be introduced into the prediction formula of risk
score, which should better benefit the prognosis
predictions of patients.

Conclusions
During further investigation, we noticed lim-

ited information on these signatures, especially
the information on these IncRNAs. As they per-

form well in the survival analysis, more wet lab
research should be conducted in the following
study.
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