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This study aimed to create prognostic signatures to predict AML patients’ survival using alternative splicing (AS) events.
The AS data, RNA sequencing data, and the survival statistics of 136 AML patients were obtained from The Cancer Genome
Atlas (TCGA) and TCGA SpliceSeq databases. Total 34,984 AS events generated from 8,656 genes, 2,583 of which were
survival-associated AS events, were identified using univariate Cox regression. The prognostic models constructed using
independent survival-associated AS events revealed that low-risk splicing better predicted patients’ survival. ROC analysis
indicated that the predictive efficacy of the alternate terminator model was best in the area under the curve at 0.781. Enrichment analysis revealed several important genes (TP53, BCL2, AURKB, PPP2R1B, FOS, and BIRC5) and pathways, such as
the protein processing pathway in the endoplasmic reticulum, RNA transport pathway, and HTLV-I infection pathway. The
splicing network of splicing events and factors revealed interesting interactions, such as the positive correlation between
HNRNPH3 and CALHM2-13010-AT, which may indicate the potential splicing regulatory mechanism. Taken together,
survival-associated splicing events and the prognostic signatures for predicting survival can help provide an overview of
splicing in AML patients and facilitate clinical practice. The splicing regulatory network may improve the understanding of
spliceosomes in AML.
Key words: alternative splicing, acute myeloid leukemia, The Cancer Genome Atlas (TCGA), prognostic signatures, splicing
network

Acute myeloid leukemia (AML), a genetically heterogeneous clonal hematopoietic stem cell malignancy, manifests
as an abnormal clonal expansion of myeloid precursors
with attenuated differentiation ability [1, 2]. AML is the
predominant type of acute leukemia in adults, representing
approximately 80% of cases [3]. According to the American
Cancer Society, in 2017, there were an estimated 21,380
new cases and 10,590 deaths due to AML [4]. AML patients
suffer dismal outcomes, with a five-year overall survival of
roughly 40% among younger adults (18–60 years old) and
only 10–20% among patients over 60 years old [5]. Multiple
prognostic factors, such as chromosomal abnormalities,
recurrent genetic abnormalities, and microRNAs abnormalities, may contribute to the outcome of AML patients [6–8].
Current treatments for AML patients mainly involve remission induction and post-remission therapy, which include
chemotherapy, targeted therapies, immunotherapy, and
allogeneic hematopoietic stem cell transplantation [9–11].
However, drug resistance still poses a daunting challenge

for AML therapy [12]. Over the past few years, significant
efforts have been made to identify potential new therapies
for AML. For example, the expression of some mRNAs, such
as H19, FHL2, iASPP, DNMT3A, U2AF1, and EZH2, has
been found to correlate with unfavorable outcomes among
AML patients, which may have the potential for novel AML
therapies [13–15]. MicroRNAs are also a significant factor
and play an important role in the survival of AML patients
[16–20]. Long non-coding RNAs were previously found to
have a role in the pathogenesis, apoptosis, therapeutic resistance and prognosis of AML patients [21–24]. Other studies
have found that mTOR kinase [25], the STAT/TET1 axis
[26], and methylation-independent CHFR expression [27]
are also potential therapeutic approaches.
Alternative splicing (AS) is a primary driver of the
phenotypic polymorphism of Homo sapiens, affecting over
half of all human genes [28]. Many studies have found that
AS functions have a significant role in various biological
processes, including cell proliferation, differentiation, and
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apoptosis [29, 30]. Imbalance of the splicing process may
cause aberrant splicing events, resulting in various diseases
and cancers [31]. Recent studies provided more evidence
supporting the therapeutic potential of AS for cancer cases
[32–34]. AS may function in the cancer process via various
molecular mechanisms, enabling replicative immortality,
maintaining proliferative signaling, eluding growth suppressors, inducing apoptosis, mediating angiogenesis, activating
invasion and metastasis, reducing cellular energetics,
escaping immune destruction, and regulating oncogenic
signaling pathway [32, 35]. Over the last few years, an
increasing number of studies have found that AS is crucial in
AML cases. For example, plenty of abnormally spliced mRNA
such as NOTCH2, Myc, PTPN6, WT1, FLT3, and Hoxa9 has
been discovered as prognostic biomarkers and therapeutic
targets [36]. The splicing process is extremely complicated,
and plenty of factors could be involved in its regulation.
Splicing factors, namely AS regulators, which are a type of
RNA-binding protein, have been convincingly implicated
in various human diseases, including tumors [37]. Scholars
have extensively investigated splicing factor mutations such
as SF3B1, U2AF1, SRSF2, and ZRSR2, were vulnerable for
disruption of the spliceosome, which may indicate new
targeted therapy strategies for cancers [38, 39]. However, few
studies have investigated the regulatory network of splicing
factors and AS events and posed their prognostic significance
in AML patients.
Therefore, we focus on investigating survival-associated
AS events and the potential molecular regulatory network
via splicing data from the Cancer Genome Atlas (TCGA)
concerning 136 AML cohorts. We hope to build splicing
prognostic models for AML patients that provide novel
insight into therapeutic targets in AML patients, and we try
to construct the splicing network to explicate the potential
mechanisms of AML.
Materials and methods
Curation and preprocessing of alternative splicing
data. TCGA SpliceSeq (http://bioinformatics.mdanderson.
org/TCGASpliceSeq), a compendium of alternative mRNA
splicing data about malignancies, was used in this study.
Percent spliced in (PSI) values for splicing events in samples
with 33 different types of tumors, including the available adjacent normal samples, from TCGA SpliceSeq were
included [40]. Samples with seven kinds of AS – exon skipping
(ES), mutually exclusive exons (ME), retained intron (RI),
alternate promoter (AP), alternate terminator (AT), alternate donor site (AD), and alternate acceptor site (AA) – were
acquired from the TCGA SpliceSeq database. The PSI value
multiplied by 100 was used to quantify each type of splicing.
In addition, the clinical survival data, including overall
survival time and the final status of AML, were downloaded
from the TCGA source portal. Only patients with an overall
survival time of over 90 days were enrolled in the current

study. The splicing and clinical data were matched by the
TCGA labeling number.
Survival-associated alternative splicing events and
prognostic signatures in AML. Cox proportional hazard
regression is a semi-parametric model for investigating the
effect of multiple variables upon time of an event of interest,
such as relapse, progression or death, takes to happen [41,
42]. Univariate Cox regression only evaluates the effect
of each predictor alone without all the others taken into
account, while multivariate Cox regression can compensate
for the limitation. Therefore, we adopted both univariate Cox
regression and multivariate Cox regression for an integrated
analysis. For each type of AS event, univariate Cox regression
was first conducted using R version 3.43. AS events with a
p-value of <0.05 in the results of univariate Cox regression
were selected for their prognostic values. Considering the
difference in the number of each type of AS events in the
univariate Cox regression, we adopted flexible thresholds
to select the optimal number of AS events for multivariate
Cox regression. The most significant splicing events in AA
(p<0.005), AD (p<0.005), AP (p<0.0001), AT (p<0.001),
ES (p<0.0005), ME (p<0.05), and RI (p<0.0001) cases were
then selected for multivariate Cox regression using SPSS
25.0 (Chicago, IL, USA) to identify independent prognostic
indicators in AML. The splicing events involving each type
of splicing that were significant (p<0.05) based on multivariate Cox regression were then used to construct predictive
prognostic models. The expression of gene symbols in each
model was analyzed using Gene Expression Profiling Interactive Analysis’s online tool (http://gepia.cancer-pku.cn/),
which is based on the TCGA and Genotype-Tissue Expression
databases [43]. The risk score was calculated for each model
using the following formula: risk score = ∑ ni PSli * βi , among
which, the β value represents the regression coefficient of
each AS event in the multivariate Cox regression [44–46]. The
survival information of included patients and corresponding
calculated risk scores were visualized as scatter plots and line
charts, respectively via GraphPad Prism version 8 software.
Patients were then divided into low- or high-risk groups
based on the median risk score in each model. The receiver
operating characteristic (ROC) curve and Kaplan-Meier
(K-M) analysis were performed to evaluate the prognostic
value of each prognosis model. ROC curve was achieved via
survival ROC package, while K-M curve was generated via
survminer package in R version 3.52. A two-sided p value
below 0.05 was regarded as statistically significant.
Bioinformatics analysis. Since a single gene may have
multiple splicing events, we adopted a novel UpSet plot [47]
rather than the traditional Venn diagram to visualize interactive sets of the seven kinds of AS. For the most significant survival-associated splicing gene symbols (p<0.005),
a protein interaction network was constructed using the
STRING app plugin in Cytoscape version 3.6 [48, 49].
Biological enrichment analysis using gene ontology (GO)
and the Kyoto Encyclopedia of Genes and Genomes (KEGG)
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was conducted to identify significant molecular function
terms and signal pathways via the Database for Annotation,
Visualization and Integrated Discovery (DAVID) version
6.8 (https://david.ncifcrf.gov/) [50]. Statistically significant enriched terms (p<0.05) were selected for displaying.
Cytoscape version 3.6 was used to visualize the significant
pathways and their involved genes.
Correlation analysis and splicing network. Splicing
factors are RNA-binding proteins that modulate the spliceosome to catalyze the excision of intronic regions [51]. We
wondered whether significant survival-associated AS events
were modulated by some splicing factors that correlate with
the survival of AML patients. Therefore, we collected known
splicing factors from the SpliceAid2 database (www.introni.
it/spliceaid.html) [52]. The mRNA-seq data regarding the
splicing factors were downloaded from the TCGA portal.
Significant survival-associated splicing factors were selected
via univariate and multivariate Cox regression analysis.
Linear correlation between the expression of the splicing
factors and PSI values of splicing events was achieved using
Spearman’s correlation test. The correlation network was
constructed using Cytoscape version 3.6. A p-value lower
than 0.05 was deemed statistically significant.
Results
Integrated alternative splicing events in the AML
cohort. In total, 136 AML patients from the TCGA database
were included in the AS event analysis. A total of 34,984 AS
events were generated from 8,656 genes, which suggested
that one gene may be associated with different AS events. As
shown in Figure 1, 2,646 AAs from 1,938 genes, 2,200 ADs
from 1,633 genes, 7,207 APs from 2,917 genes, 7,734 ATs from
3,371 genes, 12,636 ESs from 5,373 genes, 168 MEs from 165
genes, and 2,393 RIs from 1,601 genes were obtained. ES was
the most common AS event in AML patients.
Survival-associated alternative splicing events in AML
patients. Univariate Cox regression analysis was conducted
using the AS profiles in the AML cohort. We identified a
total of 2,583 survival-associated AS events derived from
1,716 genes. Interestingly, a single gene might have multiple
AS events that were significantly related to the survival of
AML patients. As displayed in Figure 2A, we adopted an
UpSet plot, which was more legible than a Venn diagram, to
display intersecting sets. There were 15 genes with up to three
different AS events. For example, the Fos proto-oncogene
(FOS) gene, which was previously reported in AML cases,
has AA, AD, and RI events. We determined the most significant survival-associated gene symbols (p<0.005) in AS events
to construct a protein–protein interaction network using
Cytoscape version 3.6. As shown in Figure 2B, several hubs
in AML patients, such as TP53, BCL2, AURKB, PPP2R1B,
FOS, and BIRC5 (degree ≥ 10), were revealed by the protein
network. Moreover, enrichment analysis revealed some
significant GO items and KEGG pathways (Figure 3). The
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HTLV-I infection pathway, which has been widely reported
to occur in leukemogenesis cases, was included in these
enrichment pathways.
Construction of a prognostic splicing model of AML
patients. In total, five AA, eight AD, three AP, eight AT,
eight ES, six ME, and two RI splicing events were selected
for prognostic signatures using multivariate Cox regression. The seven groups of significant predictive AS events in
multivariate Cox regression are displayed in Table 1. A total
of 41 independent predictive AS events were identified. A
prognostic model was constructed based on the risk score
of each type of AS event. The survival information of the
patients included in the models are presented (Figure 4A,
Figures S1A–S5A. As shown in Figure 4B (and Figures S1B–
S5B), patients with a low risk score for each type of AS event
(i.e., AA, AD, AP, AT, ES, and ME) had better outcomes. In
Figure 4C (and Figures S1C–S5C), we used the ROC curve
to assess the predictive efficacy of each type of AS event. AT
showed the best predictive efficacy (AUC=0.781), followed
by AA (AUC=0.756), and both had great potential for clinical
practice. The expression trend of gene symbols between
AML and normal samples in each splicing model is shown
(Figure 4D, Figures S1D–S5D). However, the RI prognostic
model revealed no significant statistical difference between
high-risk and low-risk groups (data not shown).
Regulatory network of survival-associated alternative splicing events. We obtained 66 splicing factors and
corresponding expressions from the TCGA database.
Univariate Cox regression was performed to identify the
survival-associated splicing factors. Six such factors –
ESRP1, HNRNPA1, HNRNPH1, HNRNPH3, RBM25, and
TRA2B – were selected. Spearman’s correlation analysis
was performed to investigate the correlation among the six
prognostic splicing factors and the 41 survival-associated
AS events. As displayed in Figure 5, a splicing regulatory
network consisting of 6 splicing factors and 18 AS events
was constructed (p<0.05) (Table 2). Four unfavorable AS

Figure 1. A bar plot presenting the number of alternative splicing (AS)
events and the gene symbols for each type of splicing.
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Figure 2. UpSet plot and AML protein network. A) UpSet plot visualizing the interactions among the seven types of alternative splicing events. A single
gene can be associated with up to three different splicing events. B) A protein–protein interaction network of the most significant gene symbols of splicing events (p<0.005) was constructed using the StringApp plugin in Cytoscape version 3.61. A circular layout was adopted to represent the network.

events (HR>1) – LIPT1-211705-ME, RDM1-40348-AT,
STAU2_84157_AT, and GFI1_3759_AP – were negatively
correlated with splicing factors, and almost all the favorable
AS events (HR<1) were positively correlated with splicing
factors. The top three positive and negative correlations were
visualized as linear plots (Figure 6). The correlation between
HNRNPH3 and CALHM2-13010-AT was the most significant (r=0.521, p<0.001).

Discussion
AS is a commonly regulated process during gene expression that results in protein biodiversity. Analysis of sequence
read mappings to of multi-exonic genes indicates that over
90% of human genes are alternatively spliced [28, 53]. The
mechanisms contributing to the flexibility of a single gene
regarding different traits mainly include exon skipping,
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Figure 3. Enrichment analysis of the most significant gene symbols. A) Biological process of gene ontology (GO) analysis. B) Cellular component of GO
analysis. C) Molecular function of GO analysis. D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis.

mutually exclusive exons, alternative 5’ acceptor sites, alternative 3’ acceptor sites, intron retention, canonical splicing,
exon scrambling, and trans-splicing [39]. It has been found
that aberrant AS events are closely correlated to cancer
cell proliferation, metastasis, apoptosis, metabolism, and
drug resistance [54]. For example, a truncated splicing
isoform, TEAD4-S, was found to attenuate the Hippo-YAP
signaling pathway, inhibiting tumor proliferation [55]. Tien
et al. discovered that CDK12 regulates alternative last exon
mRNA splicing and promotes breast cancer cell invasion
[56]. Moreover, Chen et al. found that snail driving AS of
CD44 by ESRP1 is a pivotal regulating factor that enhances
the invasion and migration of epithelial ovarian cancer cells
[57]. Wan found that upregulated SRSF6 regulates ZO-1

aberrant splicing via direct binding to its motif in exon23,
which promotes the progression of colorectal cancer [58].
Regarding cellular apoptosis, Adamopoulos et al. adopted
a next-generation sequencing methodology to identify
novel AS variants of the BCL2L12 gene, which is involved
in the apoptotic mechanism of cancer [59]. Additionally, a
previous study demonstrated that a spliced variant of CPEB2,
CPEB2B, which acts as a translational activator of TWIST1
and HIF1α, is a pivotal regulatory factor in core cellular
pathways that relate to anoikis resistance and metastasis
[60]. Previous studies found that AS affected cancer metabolism through versatile approaches such as regulation of the
metabolic mTOR pathway, the c-Myc-SRSF1-mTOR axis,
and various metabolic enzymes [61]. Splicing and drug resis-
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Figure 4. Construction of the prognostic signature of an alternate acceptor site (AA). A) Information about patients’ survival based on their risk scores.
The upper part of the graph displays patients’ survival status divided by risk score, and the bottom part displays the linear variation in the risk score.
B) Kaplan-Meier survival curve for low/high-risk groups based on the risk score. The low-risk group showed better survival than the high-risk group.
C) Receiver operating characteristic (ROC) curves revealing the predictive capacity of the area under the curve at 0.756. D) Expression of each gene
symbol and prognostic signatures based on TCGA and GTEx data. The statistically significant difference in gene expression between the tumor and
normal samples is marked with an asterisk.

tance were also extensively reported. Additionally, authors
have investigated BIM splicing and TKI-resistant CML, folylpolyglutamate synthetase splicing and antifolate-resistant
ALL, CD19 splicing and CART-19 immunotherapy-resistant
B-ALL, BRAF splicing and vemurafenib-resistant melanoma,
splicing and gemcitabine-resistant pancreatic ductal adenocarcinoma, androgen receptor splicing and drug-resistant
castration-resistant prostate cancer, and BRCA1 splicing and
PARPi-resistant breast cancer [62]. Splicing events have also

been revealed to be important factors affecting the outcome
of cancer patients. For example, Leivonen found that AS
could be used to discriminate between molecular subtypes
of germinal center B-cell like (GCB) and activated B-cell
like (ABC) diffuse large B-cell lymphoma (DLBCL), and
it has a prognostic impact on DLBCL [63]. Sakuma found
that a spliced variant of Cd44-variable exon 6 (Cd44v6) is
modulated by a colorectal cancer metastasis suppressor
during the epithelial-mesenchymal transition, which
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Figure 5. Regulatory splicing network of splicing factors and alternative splicing (AS) events. The orange nodes represent splicing factors. The blue
nodes represent favorable AS events (HR<1), while green nodes represent unfavorable AS events (HR>1). The edges represent correlations, and the
thicker edges indicate stronger correlations.

Figure 6. Linear correlation scatterplots for the greatest correlations between splicing factors and splicing events. A) Correlation between HNRNPH3
and CALHM2_13010_AT with a correlation coefficient of 0.521. B) Correlation between HNRNPH3 and CAMK1D_10773_AT with a correlation coefficient of 0.398. C) Correlation between RBM25 and CALHM2_13010_AT with a correlation coefficient of 0.396. D) Correlation between RBM25 and
LIPT1_211705_ME with a correlation coefficient of –0.268. E) Correlation between HNRNPA1 and LIPT1_211705_ME with a correlation coefficient
of –0.262. F) Correlation between ESRP1 and LIPT1_211705_ME with a correlation coefficient of –0.248.
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Table 1. Details of the splicing events for each prognostic model.
Type ID
AA

AD

AP

AT

ES

ME

RI

Table 2. The correlations between splicing factors and AS events.

β

HR

p-value Lower Upper

CARS-13946-AA

–0.042

0.959

0.015

0.927

0.992

ILF3-47575-AA

–1.026

0.359

0.003

0.184

0.699

NDUFC2-18006-AA

–4.359

0.013

0.001

0.001

0.166

NSFL1C-58497-AA

–0.119

0.888

0

0.831

0.949

PRR4-20482-AA

–0.264

0.768

0.046

0.593

0.995

GPAA1-85529-AD

–0.605

0.546

0.006

0.355

0.84

IMP4-55338-AD

–0.801

0.449

0.013

0.238

0.846

MS4A6A-16065-AD

–0.311

0.733

0.022

0.561

0.957

NBPF11-7331-AD

–0.125

0.882

0

0.829

0.939

PHC1-20213-AD

–0.192

0.825

0.005

0.721

0.944

PRG2-15831-AD

–0.415

0.661

0.002

0.509

0.857

UBL5-47438-AD

–0.293

0.746

0

0.636

0.876

HBA1-32835-AD

–0.686

0.504

0.045

0.258

0.984

CLEC12A-20286-AP

–0.063

0.938

0.014

0.892

0.987

ETFB-51320-AP

–0.04

0.961

0.029

0.927

0.996

GFI1-3759-AP

0.051

1.052

0.001

1.022

1.083

C4BPB-9625-AT

0.146

1.157

0.004

1.047

1.28

CALHM2-13010-AT

–0.074

0.929

0.001

0.891

0.969

CAMK1D-10773-AT

–0.039

0.962

0.017

0.932

0.993

ECE2-67861-AT

0.457

1.58

0.001

1.221

2.044

LRRC23-19998-AT

–0.025

0.975

0.005

0.958

0.992

RDM1-40348-AT

0.039

1.04

0.007

1.011

1.07

STAU2-84157-AT

0.048

1.049

0.002

1.017

1.082

SYTL4-89602-AT

–0.013

0.987

0.008

0.978

0.997

AURKB-39139-ES

–0.902

0.406

0

0.264

0.623

C19orf54-49986-ES

–0.388

0.678

0.011

0.502

0.916

LYPLA2-1076-ES

–2.027

0.132

0.036

0.02

0.88

MMAB-24331-ES

–0.132

0.876

0.014

0.788

0.974

ODF2-87756-ES

–1.602

0.201

0

0.095

0.429

PPP2R1B-18679-ES

–0.212

0.809

0.001

0.717

0.913

SLAMF7-8483-ES

–0.089

0.915

0.002

0.865

0.969

TRIM16L-39635-ES

–0.181

0.834

0.004

0.738

0.942

ABCB8-234119-ME

0.048

1.049

0.044

1.001

1.099

C2CD5-251535-ME

–0.049

0.952

0.009

0.917

0.988

DNM1-87724-ME

0.038

1.039

0.002

1.014

1.065

LIPT1-211705-ME

0.198

1.219

0

1.111

1.338

MCM8-58660-ME

0.03

1.031

0.005

1.009

1.053

NEDD1-300849-ME

–0.081

0.922

0.016

0.864

0.985

CAST-72851-RI
C9orf117-87645-RI

–2.252
–0.1

0.105
0.905

0
0

0.046
0.866

0.239
0.946

indicated poor prognosis for colorectal cancer [64]. Taken
together, the crucial role of AS in the pathophysiological
process and treatment response is beyond doubt. However,
the above studies mainly focused on one AS, lacking a general
view of AS entirety. Recently, scholars began to investigate the
whole AS and their prognostic value in cancers. For example,
Li et al. observed many prognostic AS events and created
prognostic predictors of non-small cell lung cancer [65],
which pioneered the exploration of AS and its prognostic

AS factor
ESRP1
ESRP1
ESRP1
ESRP1
ESRP1
HNRNPA1
HNRNPA1
HNRNPA1
HNRNPA1
HNRNPH1
HNRNPH1
HNRNPH1
HNRNPH1
HNRNPH1
HNRNPH3
HNRNPH3
HNRNPH3
HNRNPH3
HNRNPH3
HNRNPH3
HNRNPH3
HNRNPH3
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
RBM25
TRA2B
TRA2B
TRA2B
TRA2B
TRA2B
TRA2B
TRA2B
TRA2B

AS events
LIPT1_211705_ME
SYTL4_89602_AT
CALHM2_13010_AT
C19orf54_49986_ES
CLEC12A_20286_AP
LIPT1_211705_ME
CLEC12A_20286_AP
CAMK1D_10773_AT
CALHM2_13010_AT
ETFB_51320_AP
SYTL4_89602_AT
CALHM2_13010_AT
NSFL1C_58497_AA
CAMK1D_10773_AT
STAU2_84157_AT
CARS_13946_AA
TRIM16L_39635_ES
PHC1_20213_AD
ETFB_51320_AP
CLEC12A_20286_AP
CAMK1D_10773_AT
CALHM2_13010_AT
LIPT1_211705_ME
RDM1_40348_AT
GFI1_3759_AP
STAU2_84157_AT
SLAMF7_8483_ES
C9orf117_87645_RI
MS4A6A_16065_AD
GPAA1_85529_AD
ETFB_51320_AP
CAMK1D_10773_AT
CLEC12A_20286_AP
CALHM2_13010_AT
RDM1_40348_AT
C9orf117_87645_RI
SYTL4_89602_AT
CALHM2_13010_AT
SLAMF7_8483_ES
ETFB_51320_AP
NSFL1C_58497_AA
CAMK1D_10773_AT

R
0.248
0.189
0.201
0.213
0.383
0.262
0.195
0.247
0.32
0.236
0.24
0.264
0.289
0.343
0.215
0.201
0.216
0.219
0.267
0.304
0.398
0.521
0.268
0.247
0.195
0.179
0.2
0.201
0.204
0.215
0.318
0.336
0.37
0.396
0.214
0.192
0.202
0.241
0.252
0.295
0.308
0.344

p-value
0.007
0.032
0.022
0.027
0
0.004
0.027
0.005
0
0.007
0.006
0.002
0.001
0
0.014
0.032
0.018
0.012
0.002
0
0
0
0.003
0.005
0.043
0.042
0.037
0.036
0.027
0.014
0
0
0
0
0.014
0.046
0.021
0.006
0.008
0.001
0
0

HR
1.219
0.987
0.929
0.678
0.938
1.219
0.938
0.962
0.929
0.961
0.987
0.929
0.888
0.962
1.049
0.959
0.834
0.825
0.961
0.938
0.962
0.929
1.219
1.04
1.052
1.049
0.915
0.905
0.733
0.546
0.961
0.962
0.938
0.929
1.04
0.905
0.987
0.929
0.915
0.961
0.888
0.962

significance for predicting a patient’s survival. Other studies
used similar methods to investigate other cancers, such as
bladder cancer [66], prostate cancer [46], diffuse large B-cell
lymphoma [67], and gastrointestinal pan-adenocarcinomas
[68], revealing insights into splice-based therapy in clinical
practice. Targeting AS events have been widely studied for
application to cancer therapies, such as those targeting the
core spliceosome mechanism, targeting splicing regulators, and using oligonucleotide-based modality to modulate
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splicing [33]. Therefore, it is important to comprehensively
investigate aberrant splicing and its prognostic implications
for AML cases to identify novel targeted therapy strategies
that can be applied in clinical practice.
In our study, we systematically investigated survivalassociated AS events in AML cases via the splicing source,
136 AML patients in the TCGA database. We are the first
to comprehensively report AS events and their influence on
the prognosis of AML patients. A total of 2,583 AS events
were correlated with patient survival in AML cases, and 45
were independent survival-associated AS events. As far as
we know, these are the largest number of survival-associated AS events identified in AML so far. The prognostic AS
events, specifically the 45 independent survival-associated
AS events show promising potential in targeted therapy
of AML patients. A gene network was used to identify the
most significant gene symbols for AS events, revealing
several important prognostic genes, including TP53, BCL2,
AURKB, PPP2R1B, FOS, and BIRC5. The prognostic value of
these genes for AML patients has been reported in previous
studies. For example, AML patients with altered TP53 were
found to have 6 times shorter overall survival than those
without altered TP53 [69]. Additionally, Zhang et al. discovered that BCL2 was regulated by miR-182-5p, which may act
as a potential therapeutic target in AML [70], and Moore
found that expression of a splice variant of BIRC5 (survivin)
indicated poor outcomes in pediatric AML patients [71]. The
previously reported studies provided additional evidence for
the prognostic genes and suggested the important research
value of our results. The unreported prognostic genes such
as PPP2R1B, are worthy of further investigation. Our enrichment analysis uncovered significant pathways in AML
patients, such as the protein processing pathway in the
endoplasmic reticulum, RNA transport pathway, and HTLV-I
infection pathway. In the protein processing pathway in the
endoplasmic reticulum, endoplasmic reticulum stress and
unfolded protein response are parts of the important process,
which have been reported to be associated with AML before
[72, 73]. And in the RNA transport pathway, a large macromolecular assembly named nuclear pore complexes (NPCs)
is a channel for RNA transportation, which is fundamental
for chromatin organization, regulation of gene expression
and DNA repair [74–76]. Some component of NPCs such
as Nup214, may disturb the regulation of gene expression
in AML [77]. However, no study has concretely investigated
the relationship between the RNA transport pathway and AS
in AML, which is worthy of further studies. As we all know,
human T-cell leukemia virus type 1 (HTLV-1) is a pathogenic
factor for adult T-cell leukemia/lymphoma. HTLV-1 RNA
splicing has been observed before, but the exact mechanism
still remains unknown [78]. To sum up, our results provided
some clues for the potential role of AS and key signaling
pathways in the molecular mechanism of AML. The novel
perspectives of AS and key pathways in the mechanism of
AML are noteworthy in future research.
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Previous studies used a risk score to construct predictive
models of AML patients. For instance, Ng used a 17-gene score
to predict AML patients’ therapy resistance (AUC=0.78),
which outperformed cytogenetic risk (AUC=0.70) [79].
Additionally, Wang used a three-lncRNA signature to predict
the prognosis of AML patients (AUC=0.710) [80] and Zhu et
al. conducted a four-microRNA signature to determine the
prognosis in AML patients in a training group (AUC=0.681)
and testing group (AUC=0.805) [81]. Previous studies showed
feasibility that using combined multi-markers for predicting
prognosis of AML patients. In our study, we used a similar
method to investigate the prognostic signatures of AS events
in AML. The current study is the first to use the risk score of
six different types of splicing signatures to predict the survival
of AML patients. It provides innovative approaches to apply
AS to clinical practice. For all types of splicing, the low-risk
group showed significantly better overall survival than the
high-risk group. This indicates the potential clinical value of
our AS prognostic models in AML patients. We wondered
which AS prognostic model will show the highest predictive efficacy for the survival of AML patients. We compared
the predictive efficacy of each prognostic model. AT showed
the best performance for predicting survival (AUC=0.781),
followed by AA (AUC=0.756), ME (AUC=0.733), AP
(AUC=0.708), ES (AUC=0.70) and AD (AUC=0.648).
Compared with previously reported prognostic models, our
splicing prognostic models still showed satisfactory performance in general. It is promising to apply these splicing
signatures for predicting the prognosis of AML in clinical
practice.
The spliceosome, a complex and highly dynamic ribonucleoprotein, catalyzes pre-mRNA splicing in a step-wise
manner to ensure accurate and flexible splicing [82, 83]. The
splicing factor is the essential protein in the core spliceosome, which has context-dependent functional flexibility
in the regulation of splicing [39, 84]. Some splicing factors,
including SF3B1, SRSF2, U2AF1, and ZRSR2, have been
widely reported in the context of cancers [85–87]. In our
study, we investigated whether survival-associated splicing
factors regulate the prognosis-related AS events mentioned
above. To reveal the underlying mechanism of splicing in
AML patients, we analyzed the prognostic value of 66 splicing
factors and constructed a splicing regulatory network. We
found that splicing factors are positively correlated with
almost all the favorable AS events. In addition, the same
splicing factor may have different roles in different AS events,
and the same AS events could be regulated by different
splicing factors. For example, the splicing factor HNRNPH3
can positively regulate CAMK1D-10773-AT and CALHM213010-AT; the splicing factor RBM25 can positively and
negatively regulate LIPT1-211705-ME and CALHM213010-AT, respectively; and the AS event LIPT1-211705-ME
can be negatively regulated by the splicing factors RBM25,
HNRNPA1, and ESRP1. These indicated intricate interactions between splicing factors and AS events. The exact
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regulatory patterns and functions involved in splicing could
be more complicated than revealed here, but the splicing
network did provide an overview of the spliceosome in AML
patients. This is the first relatively complete splicing regulatory network constructed in AML so far. It provides inspiration in the research of spliceosome in AML. It deserves more
future studies paying sustained attention in the underlying
mechanism of splicing in AML.
Some limitations of the present study must be addressed.
Due to the lack of splicing data for the normal samples in
TCGA, we could not compare the differences in splicing
between the AML and normal samples. Additionally, only
136 cases were enrolled in the present study. Future studies
should employ larger samples. And in the current study, no
cross-validation was performed. It is necessary to use another
cohort to validate the prognostic models in the future study.
In the current prognostic models, we only adopted AS events
for the construction of prognostic signatures without taking
other factors into account. It still needs a more exhaustive
analysis of the prognostic factors in AML patients. Further,
regarding the splicing regulatory network, we only investigated regulation among splicing factors and AS events.
However, the splicing process is likely more sophisticated,
and another protein in the spliceosome could exert regulatory effects. This deserves investigation in the future. Last,
the current study was based on bioinformatics methods and
thus remains at the bioinformatics level. It is necessary to
conduct experimental studies to validate the results.
In conclusion, our study comprehensively investigated
the prognostic value of AS data from AML patients. We
presented a number of survival-associated AS events and
created prognostic signatures to predict the survival of AML
patients. Moreover, we constructed a splicing regulatory
network, which might help illuminate the molecular mechanisms underlying splicing in AML cases.
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Supplementary Information

Figure S1. Construction of prognostic signature of the alternate donor site (AD). A) Information about patients’ survival based on their risk scores.
The upper part of the graph displays patients’ survival status divided by risk score, and the bottom part displays the linear variation in the risk score.
B) Kaplan-Meier survival curve for low/high-risk groups based on the risk score. The low-risk group shows better survival than the high-risk group.
C) Receiver operating characteristic (ROC) curves revealing the predictive capacity of the area under the curve at 0.648. D) Expression of each gene
symbol and prognostic signatures based on TCGA and GTEx data. The statistically significant difference in gene expression between the tumor and
normal samples is marked with an asterisk.
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Figure S2. Construction of the prognostic signature of the alternate promoter (AP). A) Information about patients’ survival based on the risk score.
The upper part of the graph displays patients’ survival status divided by the risk score, and the bottom part displays the linear variation in the risk
score. B) Kaplan-Meier survival curve for low/high-risk groups based on risk score. The low-risk group shows better survival than the high-risk group.
C) Receiver operating characteristic (ROC) curves revealing the predictive capacity of the area under the curve at 0.708. D) Expression of each gene
symbol and prognostic signatures based on TCGA and GTEx data. The statistically significant difference in gene expression between the tumor and
normal samples is marked with an asterisk.
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Figure S3. Construction of the prognostic signature of the alternate terminator (AT). A) Information about patients’ survival based on the risk score.
The upper part of the graph displays patients’ survival status divided by the risk score, and the bottom part displays the linear variation in the risk
score. B) Kaplan-Meier survival curve for low/high-risk groups based on the risk score. The low-risk group shows better survival than the high-risk
group. C) Receiver operating characteristic (ROC) curves revealing the predictive capacity of the area under the curve at 0.781. D) Expression of each
gene symbol and prognostic signatures based on TCGA and GTEx data. The statistically significant difference in gene expression between the tumor
and normal samples is marked with an asterisk.
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Figure S4. Construction of the prognostic signature of exon skip (ES). A) Information about patients’ survival based on the risk score. The upper part of
the graph displays patients’ survival status divided by the risk score, and the bottom part displays the linear variation in the risk score. B) Kaplan-Meier
survival curve for low/high-risk groups based on the risk score. The low-risk group shows better survival than the high-risk group. C) Receiver operating characteristic (ROC) curves revealing the predictive capacity of the area under the curve at 0.7. D) Expression of each gene symbol and prognostic
signatures based on TCGA and GTEx data. The statistically significant difference in gene expression between the tumor and normal samples is marked
with an asterisk.
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Figure S5. Construction of the prognostic signature of mutually exclusive exons (ME). A) Information about patients’ survival based on the risk score.
The upper part of the graph displays the survival status divided by the risk score, and the bottom part displays the linear variation of the risk score.
B. Kaplan-Meier survival curve for low/high-risk groups based on the risk score. The low-risk group shows better survival than the high-risk group.
C) Receiver operating characteristic (ROC) curves revealing the predictive capacity of the area under the curve at 0.733. D) Expression of each gene
symbol and prognostic signatures based on TCGA and GTEx data. The statistically significant difference in gene expression between the tumor and
normal samples is marked with an asterisk.

