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The worldwide incidence of skin cutaneous melanoma (SKCM$ increasing at a more
rapid rate than other tumors. Aberrant alternative splicon(AS) is found to be common in
cancer; however, how this process contributes to cancer prgnosis still remains largely
unknown. Mutations in RNA-binding proteins (RBPs) may triger great changes in the
splicing process. In this study, we comprehensively analyd DNA and RNA sequencing
data and clinical information of SKCM patients, together uh widespread changes in

splicing patterns induced by RBP mutations. We screened mRN expression-related

and prognosis-related mutations in RBPs and investigatedhie potential affections

of RBP mutations on splicing patterns. Mutations in 853 RBPsvere demonstrated

to be correlated with splicing aberrations § < 0.01). Functional enrichment analysis
revealed that these alternative splicing events (ASEs) magrticipate in tumor progress

by regulating the modi cation process, cell-cycle checkpant, metabolic pathways,

MAPK signaling, PI3K-Akt signaling, and other important gaways in cancer. We also
constructed a prediction model based on overall survivalelated AS events (OS-ASES)
affected by RBP mutations, which exhibited a good predict e€iency with the area under

the curve of 0.989. Our work highlights the importance of RBAnutations in splicing

alterations and provides effective biomarkers for prediain of prognosis of SKCM.

Keywords: skin cutaneous melanoma, RNA-binding protein, muta tion, alternative splicing, prognosis

INTRODUCTION

Skin cutaneous melanoma (SKCM) is the deadliest type of skinezacomprising< 5% of skin
cancers but accounting for the majority of skin malignanogiuced deathsl 2). SKCM patient
survival depends largely on early detection and diagnosge#snent and strati cation of patients
ahead of clinical therapy aid in identifying individuals whtigh risk of recurrence or poor survival
outcome and may help to inform clinical decisions or potehtsageted therapy strategies.
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Both genetic and epigenetic alterations that interfere withstudy. Missing values were supplied using “impute” package in
normal cell physiological function are the fundamental as R (36-38). ASEs with PSI average 0.05 or standard deviation
of tumorigenesis3-7). Alterations in transcriptome provide one < 0.01 were removed. ASE was named as the combination of
of the biggest possibilities of proteome and molecular dityers gene symbol, splicing type, and splicing ID number. DNA-seq
of human cells. Alternative splicing (AS) is a posttranscapél  data, RNA-seq data, and clinical information were obtained
regulatory mechanism that transcribes a single form of prethe TCGA data portal (https://portal.gdc.cancer.gov/repositor
mRNA into multiple mature RNA molecules with dierent Samples with follow-up time of 90 days were removed from the
sequences and structures, which exist in almost 95% genfdlowing study. Information of 1350 RBPs was obtained from a
in human genome and provide large potential for multiple previous study $upplementary Table 1(39).
pathologies including canceB{11). Splicing is highly altered
in tumor (12, 13. AS aberrations may lead to transcriptome Alternative Splicing Events
variations in some cancer-related genes and in turnimpacitdu ~ After processing the alternative splicing data accordinghe t
progression as well as therapy resistari¢e-{7). These ndings method described above, a total of 26,919 ASEs in 103 SKCM
result in a growing interest in studying the role of aberr&8 in  samples were included in our study. There are seven types
tumor progression. of alternative splicing events (ASE), including 2,332 ahiz
ASEs have exhibited great potential to act as a biomarkeicceptor site events (AA), 2,056 alternate donor site e(&li},
for prognosis prediction in several tumor types. Therefore, 5,126 alternate promoter events (AP), 5,096 alternate teatoin
would be desirable to have a better understanding of the ABvents (AT), 1,0304 exon skip events (ES), 103 mutuallysixelu
events (ASEs) in SKCM, which would provide potential forexons events (ME), and 1,902 retained intron events (RI). The
the development of novel clinical biomarkers as well as tassiBercent Spliced In (PSI) value, a common value for quantifying
in more e ective therapeutic decisions g 18). Importantly, ASESs, ranged from zero to one.
AS is regulated by a number of RNA-binding proteins (RBPs), ) )
mutations of which may trigger widespread splicing aberragio Mutation Analysis
in downstream spliced gene$3-21). RBPs are a category of Samples with both RBP mutation data and AS information were
proteins with unique RNA-binding domains and are usuallyselected in the study. The frequencies of somatic mutaticers
dysregulated in tumors, which allow them to regulate a large€alculated for each RBPs, and the correlation between nouisti
array of transcript processe8-26). and PSI value of ASEs was tested using the Wilcoxon—-Mann—
It is now clear that either mutations or expression changedVhitney test p < 0.01). The waterfall plots were built using the
in RBPs along with corresponding AS aberrations potentiallfGenomelnfoDbData” and “GenVisR” package in R. The balloon
have great value in exploring tumorigenesis and progressiolot was visualized using the “ggpubr” and “ggplot2” package.
Mutations or expression changes in splicing regulatory factorThe Upset plot was constructed with the “UpSetR” package in R.
have been described as oncogenic drivers 28 and would . ) ) )
contribute to a ecting oncogenic processezX31). However, RBP Mutations and Differential Expression
recent studies focused on SKCM have several limitatiorey th Di erential expression was analyzed between samples with
only investigate one or a few genes, they lack e ective bigarar or without RBP mutations. The Wilcoxon—-Mann-Whitney
identi cation, they are only reliable to a speci c patientspeen, ~ test was applied for estimating the correlations between
and there is no comprehensive investigation on how splicindgRBP mutations and mRNA expression alterations, and RBPs
regulatory factor aberrations contribute to SKCM developine were considered di erentially expressed ffvalue < 0.05.
(32-34). There still exists a demand of systematic investigatiodhe association between RBPs with  mRNA expression-
on how mutations or expression patterns of RBPs along witfielated mutations and PSI value of ASEs was evaluated
related AS changes contribute to SKCM survival outcomese He using Pearson correlation analysis; outcomes with [€0rd
we systematically investigated the DNA and RNA sequencingnd p < 0.05 were regarded as signicant correlation.
data as well as clinical information of SKCM samples obtainedhe bubble plots were visualized using “ggplot2” package
from the Cancer Genome Atlas (TCGA) dataset, combinedn R.

with ASE information from TCGA SpliceSeq data, so as to . . .
comprehensively describe the complex network of alterations RBP Mutations and Prognosis Analysis

RBPs and their global e ects in ASEs. The association between RBP mutations and prognosis of SKCM
were investigated using Kaplan—Meier survival estimateyaisl
A total of 177 samples with both clinical information and
MATERIALS AND METHODS DNA sequencing data were selected in study. The analyses
Data Collection were realized using “survival” package in R, and signi cant

Alternative splicing data of 103 SKCM patients were downloadecorrelations were identi ed withp < 0.05.

from TCGA SpliceSeq (https://bioinformatics.mdandersog/o . . .

TCGASpliceSeq), a resource for investigating AS patterns Rrotein—Protein Interaction Network and

33 types of human tumor35). The Percent Spliced In (PSI) Functional Enrichment Analysis

value, which ranges from zero to one, was commonly used tdhe spliced genes of most signi cant ASEs € 1.00E-05)
quantify ASEs. ASEs with PSI value85% were selected in this were input to the String database (https://string-db.orghda
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FIGURE 1 | Flow diagram of the research methodology. RBP, RNA-bindingrotein; ASE, alternative splicing event; SF, splicing féar; PPI, protein—protein interaction.

the highest con dence (0.9) was chosen for conrming theConstruction of Prediction Model Based on
interactions. The protein—protein interaction (PPI) netvkor OQS-ASESs

was visualized using Cytoscape. Gene Ontology (GO) analygis-ASEs were rstly screened by the least absolute shrinkage
was investigated using the “clusterPro ler” package in Rl anangd selection operator (LASSO) regression analysis, amdl the
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichmegtivariate Cox regression analysis was performed to scree
analysis was performed in KOBAsi(}, with a criterion the signicant prognostic OS-ASEs and build the prediction
of adjusted P-value of < 0.05. The results are shown in ymodel. The area under the curve (AUC) value under the
bar plots. receiver operator characteristic (ROC) curve was calculated
using the “survivalROC” package in R, which was used to
Identi cation of OS-ASEs evaluate the prognosis predictive e ciencies. Samples were
Survival information of SKCM patients was obtained fromthen divided into high-risk and low-risk groups according to
TCGA. Univariable Cox regression analysis was performed tthe median risk score calculated by our prediction model.
evaluate the prognostic value of every ASE, and events wiaplan—Meier survival analyses were used for evaluating the
p-value < 0.05 were identied as OS-ASEs. The Upset ploprognostic e ciency of di erent prognostic indexes (PIs) in
was constructed to visualize the quantitative analysis @f thhigh- and low-risk patients. The analysis was proceeded with
intersections of seven types of ASEs. A volcano plot showele “survival” package, and survival curves were plotted using
the overview of survival-related and unrelated ASEs. Thetmothe “survminer” package in R. Heatmap was visualized using
signi cant OS-ASEs of each type of ASEs are displayed in bubhilee “pheatmap” package. Univariate Cox regression analysis
plots described above. Pearson correlation analysis wastoisedand multivariate Cox regression analysis were applied to
test the correlation between RBP expression and PSIs of O8valuate the prognosis value of risk factors including risk
ASEs; the correlation network was built based on the out@mescore quartiles, age, gender, tumor stage, and TMN stage
with |Cor[> 0.6 andp < 0.05. in overall survival of SKCM patients. Factors with BR
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FIGURE 2 | RBP mutations triggered splicing event alterationg/A) Among the 853 RBPs whose mutations showed signi cant correldons with aberrant ASEs
(Wilcoxon testP-values< 0.01). The mutation situations of the top 50 RBPs with the higest mutant frequency were exhibited. The y-axis represeateach RBP and
sorted by mutation frequency. The x-axis stands for diffem SKCM samples. The color indicates different mutation tygs. The bar plot above represents the mutation
frequency with synonymous (red) and non-synonymous (bluéanslational effects for each SKCM patient(B) Upset plot of each splicing pattern affected by RBP
(Continued)
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FIGURE 2 | mutations. The black bar on the left side indicates the eventumber of speci c splicing type, and the red dots on the right sde represent the intersections
of ASEs. (C) Distribution of seven types of ASEs and their correspondingenes. The x-axis represents each kind of ASEs (AA, AD, AP, AES, ME, RI), and the y-axis
represents the number of ASEs (red) or the corresponding siged genes (blue)(D) Overview of splicing events per RBP with the highest mutatiofrequency. The color
intensity indicates the occurrence frequency of each spling pattern, and the above histogram represented the count®f ASEs affected by corresponding RBPs.
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FIGURE 3 | RBP mutations induced mRNA expression alterationgA) A total of 91 RBPs exhibit signi cant different mMRNA expressin levels induced by mutations
(Wilcoxon testP-values< 0.05). The left and right panels indicate the up- and downreglation of the mRNA expression level of tested RBPs. The ciesize
corresponds to the mutation frequency of SKCM samples(B) Upset plot showed splicing alterations induced by mRNA exm@ssion-associated RBP mutations. The
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or <1 were identied as high- and low-risk factors (<

0.05), respectively.

RESULTS

Splicing Alterations Driven by RBP

Mutations in SKCM

The overall analysis process is presentedFigure L We
rst systematically investigated the splicing process atiens

studied in 467 SKCM samples, 452 of which were found to carry
mutations in RBPs. Mutant situations of the top 50 RBPs with
the highest mutation frequency were exhibited using a waterf
plot (Figure 2A). The mutant information was then combined
with the Percent Spliced In (PSI) value of ASEs and applied to
the Wilcoxon—Mann—-Whitney test. As a result, mutations irB85
RBPs were found to be obviously correlated with 19748 di erent
ASEs Supplementary Table 2 including 1,655 AAs in 1,334
genes, 1,478 ADs in 1,161 genes, 3,681 APs in 2,280 gefés, 3,6

induced by RBP mutations. DNA sequence data of 467 SKCKTS in 2,206 genes, 7,802 ESs in 4,178 genes, 85 MEs in 84
patients were downloaded from TCGA, while ASE informationgenes, and 1,382 RIs in 1,042 gerfégufes 2B,J. The top 50

of 103 SKCM samples was obtained from TCGA SpliceSeq dafaBPs with the highest mutation frequency and the correspogidin
The mutant situations of 1,350 known and predicted RBPs wer@SEs of each splicing pattern are showikigure 2D. The above
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FIGURE 6 | Overview of OS-ASEs affected by mRNA expression-related RBmutations. (A) The volcano plot of all the ASEs. The red and blue dots represg
OS-related and insigni cant ASEs, respectively(B) Upset plot of each type of OS-ASEs in SKCM. The black bar on théeft side indicates the number of speci c types
of ASEs, while the red dots on the right side stand for the smling intersections.(C) Distribution of seven types of ASEs and their correspondingenes. The x-axis
represents each kind of ASEs (AA, AD, AP, AT, ES, RI), and theayis represents the number of ASEs (red) as well as the corrpending genes (blue)(D-J) Bubble
plot of the most signi cant OS-ASEs in SKCM.(D) AA; (E) AD; (F) AP; (G) AT, (H) ES; (I) ME; (J) RI. The x-axis represents the z-score of each type of ASEs, wieithe
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FIGURE 7 | Correlation network of RBPs and OS-ASEs. The yellow dots repsent RBPs. The blue and red dots indicate OS-ASEs that havieeen negatively
regulated or positively regulated by the corresponding RB& The blue and red lines represent the existence of negativer positive regulation effects.

results indicated that RBP mutations were signi cantly @ated to a ecting the mRNA expression, which was consistent with

with extensive AS alterations in SKCM. previous researches focused on other human tumdg). (
The expression-associated RBP mutations discovered in this

RBP Mutation-Induced mRNA Expression study and their a ecting ASEs provide new information about

Alterations RBP mutations with a potential role in physiological function

We also investigated whether the aberrant splicing procesggulation of SKCM.

driven by RBP mutations occurred as a consequence of

mRNA expression alterations of RBPs. To screen ouRBP Mutations Associate With Survival
mutations in RBPs that altered the mRNA expression leveQytcome of SKCM Patients

we combined DNA and RNA sequencing data downloadeGrg fyrther dene whether mutations in RBPs could

from TCGA and analyzed. As a result, a total of 91 RBP}, yence the survival outcomes of SKCM patients, the DNA
exhibited a signi cant dierential expression between wild sequencing data of 1,350 RBPs and clinical information of
and mutant genotypes Supplementary Table 3 In more 177 SKCM patients with RBP mutations were combined and
details, RBPs with upregulated and downregulated MRNAnayzed. By taking the Kaplan-Meier test, 43 RBPs were
expression levels in mutant samples compargd to wild type Welfamonstrated to carry prognosis-associated mutatiops<(
e?(hlb!ted, respecnvelyF(gure 3A). The overview of mutgtlon' 0.05) Gupplementary Table 5 The clinical information and
situations of 91 RBPs in 292 SKCM samples were visualizgltant situations of 43 RBPs are exhibitecFiigure 4A. Among
(Supplementary Figure ]. o _ the 43 signi cant RBPs, mutations in 5 RBPs were regarded
Then, we excavated thg splicing glteratlons that may OCCUr 8% high-risk factors (green dots), and for the rest of the 38
a consequence of egpressmn-assouated RBP mutaﬂonshmtcrlRBpS, the mutant type showed a lower-risk grade (yellow dots)
above. The assqmatlon between 91 RBP and PSI values(pfgure 4B). In summary, mutations in the above 43 RBPs were
ASEs was tested in 103 SKCM samptsplementary Table & ond to have a signi cant correlation with the overall sival

Signi cgnt as.sociations were found in 1728 ASE§ |€0rp,p < of SKCM patients, which indicated a promising e ciency of RBP
0.05), including 74 AAs in 71 genes, 66 ADs in 64 genes, 423 tations in prognosis prediction.

APs in 270 genes, 728 ATs in 470 genes, 225 ESs in 204 genes,

4 MEs in 4 genes, and 209 RIs in 185 gemégures 3B,G. This . . .

result indicated that a single gene can undergo multiple tygjes FunCt_Ional En_nChment AnalySIS and

ASEs. Besides, among seven types of ASEs, the incidence of Afot€in—Protein Interaction (PPI) Network

was most frequently followed by AP, while the rarest type was MBf ASES

events. The detailed regulatory network of each RBPs on ditere We then tried to investigate the potential mechanism follogyi

splicing pattern is exhibited ifrigure 3D. the alterations of relevant spliced genes as well as their
Collectively, the above results indicated that RBP genotypencoding proteins. There were 19,748 ASEs in 7,776 parent

are frequently altered in SKCM tumors and may contributegenes that showed a close correlation with RBP mutations

Frontiers in Oncology | www.frontiersin.org 9 October 2020 | Volume 10 | Article 568469


https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Mei et al. Progonisis Prediction Model for SKCM

(Supplementary Table2 p < 0.01). The protein—protein KEGG terms, several signi cant enriched pathways were glosel
interaction (PPI) network was investigated among the sglicerelated to tumor progress, like “metabolic pathways,” “pathways
genes of most signi cant ASEp K 1.00E-05). The network in cancer,” “MAPK signaling pathway,” and “PI3K-Akt signaling
was built using the String database and visualized in Cgjwsc pathway” Figure 50. In summary, the above enrichment
(Figure 5A). To further reveal the molecular process andresults revealed that these ASEs may have an essentiahrole i
biological function mediated by the spliced genes, GO anthe biological process and tumorigenesis of SKCM patients,
KEGG enrichment analyses were applied to reveal theby regulating the modi cation process, cell-cycle checkpoint
enriching pathways. GO analysis revealed the signi cantetabolic, and other cancer-related pathways.

enrichment in the process of “covalent chromatin modi catjd In addition, we also made a comparison between the
“histone modi cation,” “peptidyl-lysine modi cation,” “c#  enrichment outcomes of RBPs and spliced genes regulated by
cycle checkpoint,” “DNA metabolic,” etcigure 5B). As for the these RBPs. The top 20 most signi cant enriched pathways of

ROC curve (AUC = 0.989)

14 14 14 14 4 14 14 14 12 12 7 4 0 C

~F

10
0.8
L

Cocfficients
8 ]
L 1
True positive rate
0.6
1

Partial Likelihood Deviance
0.4

0.0

T T T T T T 1 ) 1 T T T T T

Y -3.0 -25 0.0 0.2 0.4 0.6
Log Lambda
False positive rate

Risk s00e

Patiants {ncroasing sk socro] Patents fincreasing risk sccre)

Risk == Highrisk == Low risk
T type

1.00

0.756

0.50

Survival probability

0.25

0.00

p=6.843e-08

% High risk{ 46 29
o Low risk{ 47 40

2 3 4
Time(years)

—==l

2 0
11 3
3

w{oo

0 1

2
Time(years)

BATF2|16723 AP

MTMR14]63114|ES
EXOC6 12541 AP
ME1|76870 ES
ITGB1BP152620/ES
OSCP1 1775/AP
2ZNFB3|51481|AT
ING271271|AP
URI148867|ES

DNM2/47584 AA

B riat

081 low
06
04
02

o

FIGURE 8 | Prognostic model based on all types of OS-ASEs(A) Cross-validation for tuning parameter selection in the portional hazard model.(B) LASSO
regression analysis for screening coef cients in all typesfdDS-ASEs.(C) The ROC curves for evaluating the ef ciency of the prognostienodel. (D) The risk curve of
93 SKCM patients matched with intact follow-up data.(E) The scatter plots of SKCM samples. The red and green plots repsent alive and death endpoints,
respectively.(F) Kaplan—Meier overall survival curves based on all types ofS9ASEs. The numbers of patients in the high-risk and low-risgroups at different survival
times are listed at the bottom panel, respectively(G) The heatmap of 10 OS-ASEs selected by LASSO regression analig.
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GO and KEGG analysis were listed. RBPs are mostly enrich@aBLE 1 | Prognostic signature based on OS-ASEs.
in RNA splicing or other RNA-related proceskigures 5D,B,

o e . . ID Coef HR  95%CI_L 95%CI_H P-value
which is quite di erent from the spliced genes described above
The separate GO analysis results (cellular component, C(gryrigeaiiaes 11154 6.9804 1.25ECO1 3.91ECO8 1.13E-02

biological process, BP; molecular function, MF) of splicedegen gres)16723)ap 4800 122602 4.20EC00 3.52EC03 5.19E-03
and RBPs were o ered irBupplementary Figures 23. These ;765705 61.790 1.46E-27 8.46E-42 2.53E-13 2.21E-04
results indicated that RBPs and their corresponding spliceg

e * ] =t i _ RI1|48867|ES 8.157 2.87E-04 7.73E-07 1.06E-01 6.89E-03
genes exhibited obvious di erences in biological functiordan ITGBIBPL[52620[ES 56070 4.46E-25 184E-38 108E-11 3.62E-04
regulatory network. DNM2|47584|AA 7.986 3.40E-04 4.24E-07 2.73E-01 1.92E-02

EXOC6|12541|AP 5.652 2.85E£02 3.00EC00 2.71EC04 1.50E-02
Identi cation of OS-ASEs and OSCP1|1775|AP 33.112 4.17E-15 3.95E-28 4.39E-02 3.04E-02
Construction of the Correlation Network ING2|71271AP 3577 2.80E-02 3.11E-04 2.52EC00 1.19E-01
Univariable COX regression analysis was then performed toNF83|51481AT 4202 150E-02 1.12E-04 2.00ECO0 9.25E-02

investigate all the overall survival-related ASEs (OSSASE
a ected by RBP mutationsSupplementary Table B According

to the volcano plot, a total of 919 OS-ASEs in 757 parent

genes were identi ed as prognosis-associated APEs (.05)

(Figure 6A), which included 75 AAs in 74 genes, 86 ADs in 80ROC curve was 0.52%B(pplementary Figure 4¢. This result
genes, 212 APs in 163 genes, 176 ATs in 122 genes, 320 ESs int3dicated that mutations in RBPs a ect SKCM progression and
genes, 2 MEs in 2 genes, and 48 Rls in 47 gefigsifes 6B,3.  outcome mostly through regulating downstream ASEs instead
ES was the most common splicing type associated with overdlf themselves.

survival of SKCM patientsHigure 6C). The most signi cant OS-
AS_Es in each type of splicing patterns are shov_vn in bubble pIoEOX Regression Analysis of

(Figures 6D—). We also constructed the splicing-regulatory . o

network of these OS-ASEs and corresponding RBPs. T erognOS|S'Re|ated Cllnlpal Features .
correlation network was visualized in Cytoscape. The pagitiv As there were several other risk factors that may contrlllmt.e
regulatory (red lines, red dots) and negatively regulatdriyé the prognosis of SKCM patients, we next performed univariate

lines, blue dots) relations were exhibited, respectiveigure 7). and multivariate Cox regression analyses to further eveltize
prognosis value of risk scores calculated by our predictiod@ho

.. . and other risk factors including age, gender, tumor stagel a
Prediction Model Establishment Based on TMN stage. According to the univariate Cox regression anglys
All Types of OS-ASEs result, both tumor stage (HR2.801,P D 0.019, 95% CI: 1.187—
LASSO regression analysis and multivariate Cox regressi@l12), M stage (HR 10.173P D 0.003, 95% Cl: 2.178-47.517),
analysis were then performed to construct a prognostignd risk score quartiles based on ASEs [MR.637P D 1.517E-
model based on all types of OS-ASEs that are in uenced b4, 95% CI: 3.529-52.695) are regarded as high-risk factors i
RBP mutations, among which 10 OS-ASEs were selected @$ms of SKCM prognosisHigure 9A). As for the multivariate
candidate predict factors={gures 8A,B. As shown inTable l,  Cox regression analysis, risk score quartiles based on ASEs i
MTMR14-63114-ES, BATF2-16723-AP, and EXOC6-12541-Afie only signi cant high-risk factors to SKCM patients' ooime
were identied as a high-risk factor (HR1), while the rest (HRD15.288PD 1.303E-04, 95% Cl: 3.781-61.8Fjj(re 9B).

7 ASEs indicated good prognosis (KR) (Tablel). The This result further corroborated that the risk score caitab

prediction e ciency was evaluated by building the ROC curve,py our predict model is an independent risk factor of SKCM
and the AUC value was 0.989, indicating an obviously crediblgatients' prognosis.

prediction e ciency (Figure 8C). Then, the risk score of each

SKCM patient was calculated based on the prediction model and

the medium cuto value was applied to divide patients into high- DISCUSSION

risk and low-risk groupsKigures 8D,B. Kaplan—Meier survival

analyses indicated that SKCM patients in the low-risk groupSKCM is one of the deadliest types of cancer with an

exhibited a signi cant better survival compared with those i increasingly annual morbidity and mortality rated4l, 42).

the high-risk group p D 6.843E-08) Kigure 8F. The heatmap Major etiological factors contributed to SKCM development

exhibited the expression's situation of OS-ASEs in the nalncluding UV radiation, skin pigmentation reduction, nevus

prognostic modelftigure 8GQ). density increase, immunosuppression, family history, amggie
We also constructed a prediction model based orsusceptibility 43 44). Though previous studies have identi ed

RBP mutations to determine the prognosis value ofseveral biomarkers, e cientdiagnostic and prognostic indaa

RBPs themselves instead of their aections on ASEare still lacking {5, 46).

(Supplementary Figure 4. Mutations in 13 RBPs were In recent years, remarkable advances have been made

selected in this model Supplementary Figures4A,B in prognostic biomarker identi cation in SKCM. Except the

Supplementary Tabley, and the AUC value under the conventional tissue-based markers such as Breslow thsskne

Cl, con dence interval; Coef, coef cient; HR, hazard ratio.
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FIGURE 9 | Cox regression analysis of prognosis-related clinical féares and OS-ASEs (A) Univariate Cox regression analysis an@B) multivariate Cox regression
analysis.

(47, 48), ulceration @7, 49, 50), mitotic rate @7, 51), tumor-  been identi ed, the exploration and prognostic signatures ever
in Itrating lymphocytes 62, 53), lymphatic and vascular invasion developed only based on splicing eve®d(The understanding
(51, 54), a great amount of research e ort has been madend exploration of alternative splicing in SKCM are still far
to explore molecular biomarkers with e cient prognostic from enough.
implication. Candidates including S100B5 56), ki-67 (57), ASEs were mostly regulated by a series of RBPs, whose
metallothioneins (MTs) §8-60), and lactate dehydrogenase mutations may contribute to many of AS alterations observed
(LDH) were repeatedly demonstrated to associate with pooin cancer g89). In the past few years, increasing researches have
clinical outcomes of SKCM patients. Genetic biomarkers suctevealed the signi cant role of RBP mutations in prognosis
as speci ¢ mutations in BRAF and NRAS were also consideregrediction in multiple cancer type&@, 39, 77,81-83), while their
to have prognostic implication in SKCM6(—63). Besides, rolein SKCM prognosis has not been discussed yet. To determin
considering the limitations in sensitivity and speci cityf o the underlying mechanism, we deeply investigated the paienti
individual biomarkers, multi-marker arrays also gainedessive  regulatory associations between RBP mutations and ASES, so a
attention and several biomarker panels have been propased ( to provide insight into the phenotype changes of ASEs in SKCM
66). It is clear that the discovery of predict biomarkers of SKCMand contribute to precision treatment. We integrated the DNA
has been evaluated with positive results; however, chatengseq and RNA-seq data as well as clinical information obtained
still remained. Con icting results are wildly reported, arfiew  from TCGA, and ASE information from TCGA SpliceSeq. We
of these biomarkers have been proven to be clinically useftihen systematically investigated RBP mutations that cateel
or only reliable to a particular group of SKCM patientSs7-  with mRNA expression, overall survival, and ASEs, as well as
70). Therefore, currently there still exists strong demand othe overall situation, interaction network, and enrichedipaays
SKCM prognostic biomarkers that provide guidance to SKCMof related spliced genes. We also constructed predicted models
patient management. based on di erent types of OS-ASEs, which o ered us a potential
Almost all the multi-exon genes undergo alternative splicin intervention target for clinical SKCM treatment.
(71, 72). Alternative splicing refers to a biological process In our study, 19,748 ASEs were identi ed to associate with
that transforms a single pre-mRNA to multiple splice isoformsRBP mutations. Functional analysis of spliced genes revealed
and nally leads to di erent or antagonistic functional as ve the enrichment in several important biological processes lik
as structural characteristics of protein products or resutts modi cation process, cell-cycle checkpoint, DNA metabolism,
di erent phenotypes due to alternating expression levels oMAPK signaling, and PI3K-Akt signaling. The correlation
the spliced genes78 74). Currently, an increasing number network between splicing factors and OS-ASEs was also
of evidences have been proposed to regard the alternatieenstructed to highlight the genetic mechanism. In additio
splicing as an e ective indicator of carcinogenic processges (in order to construct a prediction model and evaluate the
29, 39, 75-79. Zhang et al. revealed that U2AF2 can enhance@rediction value of ASEs, LASSO regression analysis was applied
melanoma migration and cancer aggressiveness by facititatito screen the prediction factors and AUC value under the
CD44v8-10 alternative splicing, an isoform switch requifed ROC curves were calculated to evaluate the predict e ciency.
tumor prognostic and metastase®). Besides, Liu et al. found The nal prediction model based on all types of ASEs
that JIMJD6 can regulate the alternative splicing of a criticatonsists of 10 spliced events, including MTMR14-63114-ES,
component of the MAPK signal pathway, PAK1, and therebyBATF2-16723-AP, ME1-76870-ES, URI1-48867-ES, ITGB1BP1-
promoting melanoma carcinogenesi83. However, although 52620-ES, DNM2-47584-AA, EXOC6-12541-AP, OSCP1-1775-
some speci ¢ correlations between ASEs and melanoma ha¥d, ING2-71271-AP, and ZNF83-51481-AT. The risk scores
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were calculated for each SKCM patient by taking LASSO andraft: CM. Writing—review and editing: WZ and H-HZ. Funding
multivariate Cox regression analysis of PSI values of O&cquisition: Z-QL. Resources: CM, P-YS, and XL. Supervision:
ASEs, and the subsequent risk strati cation by risk scoreZ-QL. All authors contributed to the article and approved the
enabled the satisfactory dierentiation of SKCM patientssubmitted version.

with di erent survival outcomes. It is noteworthy that this
prediction model based on all types of OS-ASEs exhibit
an admirable prediction ability, with the AUC value of
0.989, which is much more signicant than the previous
study (32).

According to our research, we revealed a novel networ
between RBPs and alternative splicing changes in SKC
that provide su cient resources of information to understen
the molecular mechanism of, and potentially reverse, th
tumorigenesis and survival outcomes. One core implication
of our research for SKCM prognostic and clinical studies iIACKNOWLEDGMENTS
to expand the functional e ects of genetic and epigenetic
alterations into changes included in the AS process of gendhe authors thank every contributor for their help in this
involved in tumor-related pathways. The prognostic modelresearch work.
constructed in our study possessed a high performance for

risk strati cation in SKCM, which was promising in predicting
survival outcome and helping to apply more appropriateSUF’PI‘EMENTARY MATERIAL

treatment regimens to di erent SKCM patients. Besides, giveprhe Supplementary Material for this article can be found
the high prevalence of splicing defects in tumor, several lsmglpjine at: https://www.frontiersin.org/articles/10.38&nc.
molecule modula_to_rs targeti_n_g RNA procgssing hgve bee?ozo.568469/fuII#supplementary-material
explored and exhibited promising therapeutic e ects in tumor i )
. . Supplementary Figure 1| Waterfall plot of 91 RBPs with mRNA
treatment @4). Our study also provides potential targets forexpression_affected mutations.
SKCM treatment. Certainly, more researches concerning the ] _ )
molecular mechanism of signi cant RBP mutations on AgSuPPiementary Figure 2| GO analysis of spliced genes regulated by REP
R . . . . mutations. (A) Cellular component;(B) biological process;(C) molecular function.
regulatlon are needed in the future. Functional 'nveSiw and The x-axis stands for the gene ratio (the proportion of geneparticipated in each
biological experiments focused on the signi cance of ASBM, a pathway) and the y-axis represents the name of pathways.
how these aberrant procedures aect critical cancer pa‘thwa‘yélpplementary Figure 3| GO analysis of 1350 RBPs(A) Cellular component;
may provide novel therapeutic targets for SKCM treatment angg) niological process;(C) molecular function. The x-axis stands for the gene ratio
improve survival outcomes. and the y-axis indicates the pathway names.
In conclusion, our research described a COmpre|’]enSiV§upplementary Figure 4| Prognostic model based on 1350 RBPs.(A) LASSO
landscape of aberrant alternative splicing and its reguatioregression path plot for building predict model and calcutting coef cients; (B)
in SKCM. We focused on the executors of sp|icing procedure.,ASSO coef cient pro les based on all types of OS-ASEs{C) construction of
as well as systematic analysis mutation and gene expressigpC curves to evaluate the predict ef ciency.
patterns of 1,350 RBP genes. We also constructed a network aoplementary Table 1| Gene list of 1350 known and predict RNA binding
exhibit the potential correlation between RBPs and relevaritoteins (RBPs).
ASEs. Furthermore, we identify enrichment of tumor- supplementary Table 2| RBPs mutations induced splicing alterations. The left
critical pathways among the spliced genes. The predictioﬁble lists all the splicing events affect by RBP mutationsSplicing_event) as well
model constructed in this study enabled the satisfactor%s their correspondir}g' RBPs (RBP). It' also provildes the corsponding p-value
. .. . . -value) of each splicing event. The right table lists the ocerence frequency of
di erentiation of overall survival and provided a better different splicing patterns and their parent genes.

guidance for clinical decisions and prognosis prediction of
SKCM patients Supplementary Table 3 | Information of 91 RBPs selected by Wilcoxon

Mann-Whitney test. The table includes the list of 91 RBPs (RB, corresponding
p-value (p.value) and the percentage of mutant samples (Mutatio). It also
provides the sample size (Mut_count/Wild_count) and the medn of mMRNA
DATA AVAILABILITY STATEMENT expression (Wild_med/Mut_med) of wild and mutant samplesespectively.
Supplementary Table 4 | Corresponding splicing events regulated by 91 RBPs.
The datasets generated for this study can be found in the TCGHA the left table, a total of 1,728 splicing events in 1,268 pant genes were
and TCGA SpliceSeq. identi ed using Pearson correlation test. The information beach RBPs and their
related splicing events were listed, and the Pearson corration coef cient (Cor)
and p.value were also provided in this table. “Positive” anthegative” in column
Reg. indicated “positive regulation and “negative regulan,” respectively. The
AUTH OR CO NTR | B UTlONS occurrence frequency of each types of splicing event and thie parent genes were

listed in the right table.

Conceptualizaﬂon: CM, P-YS, and Z‘QL- MethOdOIOQV: CM:SuppIementaryTabIe5| Kaplan-Meier test result of 45 signi cant RBPs. RBP
P-YS, and XL. Investigation: CM and P-YS. Writing—originalmutations that potentially affect the survival outcomes 0BKCM patients were
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selected by Kaplan-Meier test. Thep-value, hazard ratio (HR), 95% con dence
interval (95% CI) of each RBP were listed.

Supplementary Table 6 | Survival-related splicing events selected by Lasso
regression. Among the 19748 splicing events affected by RBPnutations, a total
of 919 splicing events were identi ed to be correlated with tle overall survival of
SKCM patients using Lasso regression. The Z_score (Cor), hard ratio (HR), 95%
con dence interval (95%CI_L and 95%CI_H, respectively) angd-value were listed
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