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A
bstract Alternative splicing (AS) regulates biological processes governing phenotypes and dis-

eases. Differential AS (DAS) gene test methods have been developed to investigate important exo-

nic expression from high-throughput datasets. However, the DAS events extracted using statistical

tests are insufficient to delineate relevant biological processes. In this study, we developed a novel

application, Alternative Splicing Encyclopedia: Functional Interaction (ASpediaFI), to systemically

identify DAS events and co-regulated genes and pathways. ASpediaFI establishes a heterogeneous

interaction network of genes and their feature nodes (i.e., AS events and pathways) connected by co-

expression or pathway gene set knowledge. Next, ASpediaFI explores the interaction network using

the random walk with restart algorithm and interrogates the proximity from a query gene set.

Finally, ASpediaFI extracts significant AS events, genes, and pathways. To evaluate the perfor-

mance of our method, we simulated RNA sequencing (RNA-seq) datasets to consider various con-

ditions of sequencing depth and sample size. The performance was compared with that of other

methods. Additionally, we analyzed three public datasets of cancer patients or cell lines to evaluate

how well ASpediaFI detects biologically relevant candidates. ASpediaFI exhibits strong perfor-

mance in both simulated and public datasets. Our integrative approach reveals that DAS events

that recognize a global co-expression network and relevant pathways determine the functional

importance of spliced genes in the subnetwork. ASpediaFI is publicly available at https://

bioconductor.org/packages/ASpediaFI.
Introduction

Alternative splicing (AS) is a key regulatory mechanism that
confers protein diversity and plays an important role in induc-

ing specific phenotypes and even causing diseases [1]. Wide-
spread splicing events regulate distinct biological processes
through gene interactions or controlling signaling of down-

stream genes [2,3]. For instance, AS events induced by the
splicing factor (SF) ESRP1 promote epithelial–mesenchymal
ciences /
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transition (EMT) pathway activation [4–6]. In another case,
the aberrant splicing of the epigenetic regulator EZH2 induces
large-scale differential expression associated with tumorigenic

function [7]. To sum up such splicing cases, the cascade of
spliceosome regulation induces distinct pathway activation or
disease [7–9]. There are several difficulties in identifying the

pathways induced by splicing genes using current methods.
Novel statistical models have been developed to precisely
detect differential alternative splicing (DAS) [10–15]. However,

multiple testing problems associated with testing thousands of
whole transcriptomes still accompany the burden of false-
positive errors [16,17]. In addition, P values or ranks calcu-
lated by the DAS test did not provide any biological

importance.
To investigate biological processes or pathways induced by

the spliceosome, recent studies have extensively employed

multi-layered transcript measures of both AS and gene expres-
sion profiles [8,9]. The Cancer Genome Atlas (TCGA) and
other cancer studies have investigated pathway activation

characteristics induced by SF variants through gene set enrich-
ment analysis (GSEA). The analyses were performed using
gene expression profiles because reference gene sets have been

developed for gene-level expression analysis [9,18–21]. In pre-
vious studies, two independent tests for differentially expressed
gene (DEG) and DAS identification were performed. Its limi-
tation is that co-operations between AS and genes are uniden-

tifiable. Therefore, an integrative analysis approach is required
to understand the comprehensive regulation of AS events and
genes cascading from spliceosome regulation.

DAS promotes differential gene expression and specific bio-
logical processes. This implies a guilt-by-association between
AS events and genes. SpliceNet and transcriptome-wide net-

works are appropriate approaches for establishing a co-
expression network by splicing [22,23]. However, these studies
applied the isoform-centric method to employ isoform-level

expression correlations. Although the isoform-centric
approach successfully facilitates the inference of global associ-
ations between two splicing entities, it is difficult to identify
precise exon usage and its genomic coordinates from isoforms.

Consequently, this limitation could become an obstacle to the
investigation of cis-regulatory elements or protein domain
usage around the spliced exons. Currently, the splicing-

centric methods, such as SeqGSEA and HBA-DEALS, inte-
grate both DEG and DAS. These methods test AS genes to
determine the pathways these genes are involved in [21,24].

These approaches target quantitative integration of both the
splicing and expression profiles of a gene. However, these
methods did not infer co-regulation between splicing events
and neighboring genes.

A heterogeneous network could be an appropriate model
encompassing AS events, genes, and pathways to analyze
cooperative regulation by splicing. In general, a heterogeneous

network is an expansion of the interaction network that com-
prises nodes of different features. Several studies have consid-
ered such networks to integrate novel features such as genes,

proteins, pathways, or diseases [25–27]. Edges of the heteroge-
neous network were weighted by various measures such as
expression correlation, sequence homology, or pathway gene

set to follow guilt-by-association [27]. Next, to identify the
specific regulation module from the network, an important
node should be extracted using a network traverse algorithm.
The random walk with restart (RWR) algorithm was
developed for an internet search engine to explore a web
page network and has been extensively used to explore the
biological interaction network [25,27]. The algorithm traverses

the network from a query and moves iteratively from nodes
to neighboring nodes. Finally, it scores all the nodes based
on proximity to the query. RWR has been successfully

applied for creating disease–gene, protein–protein, or other
heterogeneous interaction networks such as bipartite graphs
[25,27].

Here, we presented a novel method, Alternative Splicing
Encyclopedia: Functional Interaction (ASpediaFI), to system-
atically identify AS events, co-expressed genes, and pathways
involved using the RWR algorithm. We established a heteroge-

neous network composed of AS events, genes, and pathways as
nodes, with edges weighted by the associations of percent
spliced-in (PSI) with expression or gene–pathway associations.

The RWR algorithm was used to extract the important nodes.
Our application explores a heterogeneous interaction network
using the discriminative random walk with restart (DRaWR)

method [25]. We used a simple identifiable DEG set as the
query. Finally, our method traverses the heterogeneous net-
work and ranks all nodes to delineate splicing-associated reg-

ulation. The performance of our method was evaluated using
simulated datasets and compared with those of the three
DAS analysis tools. We applied our method to three RNA
sequencing (RNA-seq) datasets involved in SF deficiency and

demonstrated its biological relevance by referring to various
studies. ASpediaFI is available in Bioconductor (https://bio-
conductor.org/packages/ASpediaFI).
Method

ASpediaFI workflow and dataset preparation

ASpediaFI constructs a heterogeneous network for AS, gene,

and pathway features (Figure 1A). First, the global gene inter-
action network (Figure 1A, upper left) is expanded by AS
event and pathway nodes (Figure 1A, upper right). Next, the

DRaWR algorithm traverses the network from a query gene
set through a two-stage process and finds the proximity of each
node from the query set [25]. DRaWR performs a two-stage

RWR to select more relevant AS events and pathways. The
first stage starts with a query gene set (Figure 1A, lower left;
gray nodes), and the RWR assigns ranks for each node. In

the second stage, low-ranking feature nodes are removed,
and RWR finally re-ranks the retained nodes from the subnet-
work (Figure 1A, lower right). Additionally, ASpediaFI per-
forms a permutation test from randomly selected query sets

to eliminate bias based on the size of the initial query set. Here,
we employ the DEG set as a query to extract proximate AS
event nodes as DAS. Finally, all nodes are scored by the sta-

tionary probability after RWR. The AS event, gene, and path-
way nodes are simultaneously extracted.

In the data preparation step, ASpediaFI requires input files,

including RNA-seq BAM files, a GTF format file for gene
models, gene expression profiles, pathway gene sets, and a glo-
bal gene–gene interaction network (Figure 1B). First, we gen-
erated a human gene interaction network reference collected

from various interaction databases (BIND, DIP, HPRD, and
REACTOME) [28–31]. We also referred to pathway gene sets
collected from public databases (Hallmark, REACTOME, and



Figure 1 ASpediaFI procedure

A. ASpediaFI extends the known gene interaction network and establishes a heterogeneous network for genes, AS events, genes, and

pathways. Next, the method extracts relevant nodes from the two-stage RWR (see Method). B. The workflow illustrates that ASpediaFI

requires input files, including the RNA-seq dataset, to establish a heterogeneous network, and exploits DRaWR to extract the final ranked

result of query-relevant nodes. ASpediaFI, Alternative Splicing Encyclopedia: Functional Interaction; AS, alternative splicing; RWR,

random walk with restart; DRaWR, discriminative RWR; RNA-seq, RNA sequencing; PSI, percent spliced-in.
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KEGG) and obtained 910 human pathway gene sets [20,31,32].

The gene expression profile was prepared from the FPKM
results of RSEM or other quantification tools [33]. Next,
ASpediaFI identified AS events from the gene model, and

the events were classified into the following five types: alterna-
tive 50 splice site (A5SS), alternative 30 splice site (A3SS), skip-
ping exon (SE), mutually exclusive exon (MXE), and retained

intron (RI). The PSI (w) value for each AS event was calcu-
lated from the inclusion (I) and exclusion (E) values to sum
the corresponding junction and exon read counts. We followed

the rMATS method to calculate the isoform-level inclusion
value I to divide by the effective length lI, and the exclusion
value E is divided by its effective length ls [10]. Finally, to indi-

cate exon inclusion usage, PSI was calculated as
w ¼ I=lIð Þ= I=lI þ E=lsð Þ. The effective lengths lI and ls follow
the equation of rMATS for each AS event type. Additionally,

read counts were collected from fragment-level counts using
paired-end sequencing. Our package refers to the functions
of the IVAS package to follow the rMATS rule [10,34].

Finally, we constructed a heterogeneous network based on
the generated input files and performed DRaWR to explore
the network. Reference information, such as gene interaction

networks or pathway gene sets, can be altered for other organ-
isms or novel databases in our tool.
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Establishment of an adjacency matrix for the heterogeneous

network

The heterogeneous network comprises gene nodes and inter-
acting feature nodes of AS events and pathways [25]. To gen-

erate an adjacency matrix for this network, we collect gene
expression and PSI profiles from the RNA-seq dataset and
refer gene–pathway associations from known pathway gene
sets. Based on the prepared human reference network, we first

establish the co-expressed gene–gene interaction network,
where gene–gene interaction edges are weighted by the abso-
lute value of the Pearson correlation coefficient calculated

from gene expression (Figure 1A, upper left). Next, we connect
gene nodes with feature nodes (AS events and pathways) based
on prior information of gene–AS correlation passing a thresh-

old and gene-pathway associations (Figure 1A, upper right).
To take into account the non-monotonic rank relationship
between two measures, gene expression and PSI, we connect

gene–AS interaction edges if the absolute value of the Spear-
man correlation coefficient exceeds a user-defined threshold
[35]. Finally, the gene–pathway edges are weighted to 1 if the
corresponding gene belongs to the corresponding pathway

gene set.
Let M be an initial adjacency matrix representing our

heterogeneous network for each node: gene g, AS a, and path-

way p. The adjacency matrix can be expressed as:

M ¼
Mgg Mga Mgp

Mag Maa Map

Mpg Mpa Mpp

264
375 ð1Þ

where submatrices Mgg, Mga, and Mgp exhibit a weight matrix

between gene–gene, gene–AS, and gene–pathway, respectively.
Therefore, the entries of M can be expressed as:

mgigj ¼
jrP gi; gj

� �j; if found in the gene interaction network

0; otherwise

(
ð2Þ

mgiak ¼
jrS gi; akð Þj; if jrS gi; akð Þj > s

0; otherwise

�
ð3Þ

mgipl ¼
1; if a gene is a member of a pathway gene set

0;otherwise

�
ð4Þ

where rP and rS are the Pearson and Spearman correlation
coefficients, respectively, and s is a user-defined threshold.
Note that Maa, Map, Mpa, and Mpp are all zero matrices, as

there are no edges among feature nodes. There is no connec-
tion between the AS and pathway feature nodes owing to

the lack of evidence. Before running the RWR, we normalize
our adjacency matrix M to derive a transition probability
matrix, T [25]. First, we normalize for each non-zero submatrix

MXY to sum to one:

NX;Yð Þi;j ¼
MXYð Þi;jP
i;j MXYð Þi;j

ð5Þ

It equalizes the global probability of edges within features
where the algorithm walks. Next, we normalize each
column of matrix N, to compute a final transition probability

matrix T.
Ti;j ¼ Ni;jP
iNi;j

ð6Þ

It becomes the probability that the algorithm walker will take
to transit from node j to i.

Exploring the heterogeneous network and identifying query-

specific important nodes by DRaWR

To extract the important nodes in our heterogeneous network,

we employ DRaWR, a modified version of the RWR [25]. The
DRaWR algorithm performs two-stage RWR. The first stage
of RWR traverses all network nodes and scores the probability
of nodes by a random walk (Figure 1A, lower left; red arrow).

Before the second stage, low-ranked feature nodes from the
first stage are eliminated, and the RWR is carried out on the
subnetwork (Figure 1A, lower right) [25]. The second stage

improves the ranking by performing RWR on a more relevant
subnetwork [25]. Given a transition matrix T, the RWR algo-
rithm can be formulated as:

ptþ1 ¼ 1� cð ÞTpt þ cv ð7Þ
where pt

i is the probability that the walker will stay at node i

after the t-th iteration, c is the probability of restart, and vj
is the probability of restarting at node j. That is, for a query

gene set Q, vj is
1
Qj j if j 2 Q, and zero otherwise. We assume

p0 to be a uniform probability vector such that p0
i ¼ 1

n
, where

n is the number of all nodes in a heterogeneous network.

The RWR with the query set is iterated until the vector pt con-

verges (jptþ1 � ptj < 0:05). The converged ep represents the sta-

tionary probabilities (stat-P values) for all nodes. In stage 1
(Figure 1A, lower left), two RWRs run from a query gene
set Q and another background query set B using all genes.
The difference between the stat-P values in the two runs, sayepQ � epB, is a final measure of relevance to a query gene set

and is used to rank AS event nodes and pathway nodes
altogether.

Before stage 2, ASpediaFI extracts a query-specific subnet-

work composed of gene nodes and a user-defined number of
highly ranked AS event nodes and pathway nodes. The adja-
cency matrix of the subnetwork can be expressed as:

M0 ¼
Mgg Mga0 Mgp0

Ma0g Ma0a0 Map0

Mp0g Mp0a0 Mp0p0

264
375 ð8Þ

where a0 and p0 denote the nodes of the AS events and path-
ways retained in the subnetwork, respectively. M0 is re-
normalized as in the previous step and converted to a new

transition probability matrix T0. The second stage of RWR
repeats on the subnetwork T0 to calculate stat-P which is sim-
ilar to the first stage of RWR and produces final rankings of all

nodes for AS events, genes, and pathways.

Adjusting probabilities by a permutation test

To reduce the background effect caused by the size of the
query gene set, we employ a permutation test for gene nodes
as an additional procedure [36]. As previously conducted in
the GSEA test [37,38], we use a Monte Carlo method in which

the second-stage RWR procedure is repeated N times with a
randomly sampled query gene set of the same size as the actual
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query gene set. In each iteration, the randomized query gene
set is used as the restart set, and the stationary probabilities
for all gene nodes are measured as we do with the actual data.

The permutation P value of gene node i is calculated as
follows:

Pperm
i ¼ 1

N

XN
n¼1

I bhn

i > bp i

� �
ð9Þ

where bhn

i is the second-stage stat-P of node i when a randomly

sampled gene set is given as a query, and I is an indicator func-

tion that gives 1 if bhn

i > bp i and 0 otherwise. This procedure

determines whether the observed stationary probabilities for

gene nodes are statistically significant relative to random query
gene sets. Finally, to remove the bias by query gene set size, we
measure the permutation P value for 1000 iterations and

extract statistically significant gene nodes (Pperm
i < 0.05) for

the final AS-relevant subnetwork.

Performance benchmark using simulated datasets

We evaluated the performance of ASpediaFI for DAS detec-
tion against other state-of-the-art methods using simulated

datasets. To simulate datasets close to a realistic setting, we
referred to the real RNA-seq dataset from myelodysplastic
syndrome (MDS) patients [19]. Two groups [SF3B1 mutated

(MUT) and wild-type (WT)] of RNA-seq reads were generated
using Flux Simulator, and we followed the simulation pipeline
previously developed [39,40]. We referred to the GRCh38

GENCODE v31 gene model and simulated 20, 10, and 5 repli-
cates per condition, as well as five levels of mean base coverage
(150�, 65�, 50�, 30�, and 15�) for 100 bp paired-end reads.

In the first step of the simulation pipeline, gene-level read
counts were produced based on the MDS dataset for each
group. The read counts were simulated to follow the negative
binomial (NB) distribution for modeling the variance across

biological replicates. Next, we randomly chose 1000 DAS
genes between the conditions. For these 1000 genes serving
as the ground truth for the simulated dataset, we set relative

isoform abundances such that the last isoform took a predeter-
mined proportion (0.8, 0.6, and 0.4 for MUT and 0.2 for WT),
and other isoforms equally shared the rest. The isoform-level

abundance of non-DAS genes was drawn from a uniform dis-
tribution. Each fastq file was mapped using the STAR v2.5.1b
[41]. Overall, we artificially generated RNA-seq BAM files of

varying sample sizes and sequencing depths to evaluate the dis-
criminative power and robustness of the method.

For each simulated dataset of different sample sizes and
sequencing depths, we performed DAS analysis and compared

ASpediaFI with three other widely used event-based methods:
MISO v0.5.4, rMATS v4.0.2, and SUPPA2 v2.3 [10–12]. For
all methods under comparison, AS events were derived from

the GENCODE v31 gene model. For ASpediaFI, we first
quantified the gene expression profile using the RSEM v1.3.0
[33]. The PSI profiles of the BAM files were calculated using

the IVAS package following the rMATS rule [10,34]. To
extract DAS nodes from the established network, we defined
a query set from DEGs using limma v3.42.0 [log2 fold change
(FC) > 2; adjusted P value < 0.001] because the RWR algo-

rithm starts at the given DEG nodes and traverses the prior
network to retrieve correlated AS feature nodes [42]. Then,
the ASpediaFI analysis was run with the following options:
restart (restart probability) = 0.7, number of folds (number
of folds for cross-validation) = 5, number of features to be

retained in a subnetwork = 1000, low.expr (threshold FPKM
average of genes) = 1, low.var (threshold variance of AS
events) = NULL, prop.na (threshold proportion of missing

PSI values) = 0.05, prop.extreme (threshold proportion of
extreme PSI values – 0 or 1) = 1, cor.threshold (threshold
Spearman’s correlation coefficient between genes and AS

events) = 0.4, 0.5, or 0.6.
For MISO, as only pairwise comparisons were allowed in

the DAS analysis, we merged BAM files into one pooled data
per condition. DAS analysis was performed using the pooled

version of the BAM files, and other parameters were used in
the default settings. rMATS was run using the default settings.
For SUPPA2, to obtain PSI profiles, we quantified transcript

expression in the TPM units using RSEM. Next, we executed
the embedded modules psiPerEvent to generate PSI profiles
and diffSplice to detect DAS events using default options.

To evaluate the discriminative power of the four methods,
we generated a receiver operating characteristic (ROC) curve
and computed the area under the curve (AUC) metric using

the R PRROC package [43]. The same number of highly
ranked DAS events (top 1000) was extracted from each meth-
od’s results for a fair comparison. ASpediaFI yields rankings
for nodes of a previously defined size as the final optimal out-

put after the second-stage RWR. Therefore, the most signifi-
cant 1000 DAS events for the other three methods were
assessed to make a fair comparison. The ranking of AS events

was determined based on adjusted P values for rMATS and
SUPPA2, Bayes Factor (BF) for MISO, and stat-P for ASpe-
diaFI. Moreover, we used the AUC metric to assess the effects

of the sample size and sequencing depth.

Case study 1: MDS patients

In the first case study, we used an RNA-seq dataset (GEO:
GSE114922) from bone marrow-derived CD34+ hematopoi-
etic progenitor cells from 82 patients with MDS [19]. Patients
exhibited hotspot mutations in three SFs: SF3B1 (n = 28),

SRSF2 (n = 6), and U2AF1 (n = 8). We first assessed the
quality of reads using FastQC v0.11.5, and aligned them to
the GRCh38 genome and the reference gene model GEN-

CODE v31 via STAR v2.6.1b, following the GDC pipeline
with customized options: outFilterType = BySJout,
alignEndsType = EndToEnd, alignSoftClipAt-

ReferenceEnds = No, alignIntronMax = 10,000, and
alignMatesGapMax = 10,000 [41].

We extracted DAS for each SF condition using ASpediaFI,
and compared its performance with those of the other three

methods used in the previous simulation analysis. For ASpe-
diaFI, the query gene set was obtained from a DEG analysis
between the SF MUT and WT samples using limma. We

employed DEGs (adjusted P value < 0.001; log2 FC > 1)
as a query (n = 112). To evaluate the performance with
respect to the query set, we also assessed various queries for

DEGs (adjusted P value < 0.001; log2 FC > 0.6 or 0.4), path-
way gene sets associated with biological relevance (heme meta-
bolism, n = 200), and randomly chosen genes (n = 100).

Given the query gene set, ASpediaFI was run with the follow-
ing options: restart = 0.7, num.folds = 5, num.feats = 300,
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low.expr = 1, low.var = NULL, prop.na = 0.05, prop.
extreme = 1, and cor.threshold = 0.4. Based on the second
stage result of DRaWR, we reconstructed an AS–gene interac-

tion subnetwork regulated by each SF mutation. Additionally,
genes (permutation P < 0.05) were selected along with neigh-
boring AS event nodes (Table S1). For the other three tools

under comparison, we applied the same options as described
in the previous simulation analysis. To reflect the characteris-
tics of each tool, we imposed additional filtering conditions.

Following a distinct MISO analysis strategy, we generated a
pooled BAM file for each condition. Due to the large sample
size being pooled, we decided to apply more stringent BF
and minimal coverage than default settings (BF � 300, the

sum of inclusion and exclusion reads � 300, 100, and 80, at
least 30, 10, and 8 inclusion and exclusion reads for SF3B1,
SRSF2, and U2AF1, respectively). A conventional cutoff [false

discovery rate (FDR) < 5%] was applied to the SUPPA2
results. Meanwhile, the rMATS analysis results were filtered
with a stricter threshold (FDR < 0.1%). Like MISO, we

ought to apply stringent thresholds on rMATS results because
the conventional cutoff was non-discriminative, yielding a sub-
stantially large number of resultant DAS events.

We evaluated the results in terms of various aspects. First,

we investigated whether our results detected the actual DAS.

ASpediaFI does not directly perform the DAS test and identi-

fies AS events from the proximity of the query gene set. From

the SF3B1 comparison case, we extracted the PSI profile of the

resultant AS events. We then performed hierarchical clustering

with complete linkage on the Euclidean distance of the PSI

profile to classify samples and tested its performance (sensitiv-

ity and specificity) to discriminate between SF3B1 MUT and

WT samples. Next, we examined the motif sequence associated

with the splicing site in the SF3B1 case for cis-element level

validation. We extracted the acceptor site sequence from a

35 bp exon upstream to 3 bp downstream of the A3SS events

involved in SF3B1 [18]. The motif was identified using the R

package ggseqlogo [44], and A3SS DAS events were compared

with non-DAS. Finally, we investigated the functional impor-

tance of AS events from additional sequence information such

as protein domain, splicing-specific protein–protein interac-

tions (PPIs), and nonsense-mediated decay (NMD). We

explored the ASpedia database for each AS event and com-

pared the results obtained using all four methods [45].

The distinct advantage of our method is that it identifies
genes, AS events, and pathways. We demonstrate our method

of determining how well AS-relevant pathways by comparing
with GSEA using gene expression only. To conduct a GSEA
test, we performed gene set variant analysis (GSVA) to esti-
mate pathway activity for hallmark pathways [46]. The path-

way activity difference for SF MUT was tested using the
Wilcoxon rank-sum test. To evaluate how well our method
detects DAS events involved in biologically relevant pathways,

we carefully selected the gold standard, the heme metabolism
(HM) pathway, based on multiple previous studies [47–53].
To compare the degree of HM enrichment for the DAS results

of the four methods, we conducted Fisher’s exact test and com-
puted the precision, recall, and F1 score. We also defined a
novel HM gene set, ‘HM expansion set’, to assess whether

AS events interact with HM pathway genes and participate
in the corresponding biological process. The HM expansion
set included both HM genes and their neighboring genes,
derived from our gene interaction network. The same four
metrics were computed for the HM expansion set.

Case study 2: TCGA stomach adenocarcinoma

We chose the TCGA stomach adenocarcinoma (STAD) level 3
RNA-seq dataset as another real dataset to investigate AS

events and biological processes associated with ESRP1, a
key SF that regulates EMT across multiple cancer types
[10,22,54]. Of the 415 STAD patients, the highest and lowest

10% mRNA expression samples of ESRP1 were classified as
ESRP1-high and ESRP1-low groups, respectively. Due to
the absence of BAM files, we referred to a gene model of

UCSC known genes and used SUPPA2 v2.3 to generate PSI
profiles, as done in a previous study [55]. A DEG test between
the two groups was performed using limma to obtain a query
gene set (adjusted P value < 1.0E�8; log2 FC > 2). ASpe-

diaFI analysis was conducted with the following options:
restart = 0.7, num.folds = 5, num.feats = 300, low.expr = 1,
low.var = NULL, prop.na = 0.05, prop.extreme = 1, and

cor.threshold = 0.5. To compare our results, we performed
DAS analysis using SUPPA2 diffSplice with the following
options: nan-threshold = 10, area = 1000, and lower-

bound = 0.05 [12]. The SUPPA2 DAS set was obtained by
selecting AS events with DPSIj j > 0.1, and adjusted P
value < 0.1. Next, we extracted an EMT-associated subnet-
work from the final stage produced by DRaWR. To decrease

the network size, we retained gene nodes with permutation P
values less than 0.05.

Similar to case study 1 analysis to evaluate the discrimina-

tive power of ASpediaFI, we tested our resultant AS events by
classifying STAD samples based on the Euclidean distance
matrix of their PSI profiles, using hierarchical clustering with

average linkage. Meanwhile, we assessed the extent to which
our AS-relevant pathway results were consistent with GSEA
using gene expression profiles. Our pathway results were col-

lected based on the rankings determined by ASpediaFI. For
GSEA, we calculated sample-level pathway activity scores
and performed GSVA [46]. The difference in GSVA scores
between the high and low groups was tested using the Wil-

coxon rank-sum test. Additionally, we compared ASpediaFI
with another DAS test method. The results from the two appli-
cations, ASpediaFI and SUPPA2, were compared using the

Venn diagram, Fisher’s exact test, and Jaccard index based
on the five EMT- or ESRP1-associated splicing gene signa-
tures [4,6,56,57]. As in case study 1, AS event sets for the

two conditions were chosen to overlap with global PPI genes.

Case study 3: RBFOX1-knockdown cell lines

The last RNA-seq dataset (GEO: GSE36710) comprised five
replicates of the shRBFOX1 (RBFOX1 knockdown) and
shGFP (control) cell lines [58]. Single-end RNA-seq reads were
aligned to the GRCh37 genome and the reference gene model

Ensembl v71, using STAR v2.6.1b with the same options as in
case study 1. We calculated gene expression and PSI values
using RSEM and our quantification tool, respectively. A query

gene set was obtained from the DEG test between RBFOX1-
knockdown and control groups using limma (adjusted P
value < 0.05). The following options were selected for

ASpediaFI: restart = 0.7, num.folds = 5, num.feats = 300,
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low.expr = 1, low.var = NULL, prop.na = 0.05, prop.
extreme = 1, and cor.threshold = 0.8. We then investigated
an RBFOX1-regulated subnetwork. From the final network

produced by the DRaWR algorithm, we retained gene nodes
with permutation P values less than 0.05, and their neighbor-
ing AS event nodes. For the other three tools under compar-

ison, we applied the same options described in case study 1,
except for the type of read-option setting to single-end. Con-
ventional cutoffs were applied to the results of MISO

(BF > 10), rMATS (FDR < 10%), and SUPPA2
(FDR < 5%).

To examine AS gene enrichment in known neuronal genes,
we calculated the Jaccard index between the AS gene sets of

the four tools and known gene signatures, as done in a previ-
ous study [58]. We prepared seven published gene signatures
containing genes inferred from the transcriptomic analysis of

RBFOX1 and RBFOX2 and those showing RBFOX1-
dependent splicing in brains with autism spectrum disorder
[59–64]. We also compared these with three control gene signa-

tures: mitochondria, epilepsy, and ataxia [58]. To evaluate the
performance of ASpediaFI in identifying biologically relevant
pathways, we performed GSEA on gene nodes with permuta-

tion P values less than 0.05, using DAVID v6.8 [65]. Our
GSEA results were compared with two previously identified
gene sets: blue module and DAS [58]. The blue module com-
prising 737 genes is a subnetwork identified by WGCNA using

gene expression profiles; DAS contains 603 events detected by
DESeq [66].

Results

Performance evaluation on simulated datasets

To evaluate the performance of ASpediaFI for DAS event
detection, we conducted a benchmarking analysis using simu-

lated datasets of various conditions based on 1000 artificial
DAS genes. The four event-based methods were tested on 15
simulated RNA-seq datasets of various sample sizes

(n = 20, 10, and 5 replicates per condition) and mean base
coverages (depth = 150�, 65�, 50�, 30�, and 15�). We gen-
erated RNA-seq datasets of the five different read counts

(average read counts of approximately 52 million, 22 million,
17 million, 10 million, and 5 million, respectively) (Table S2).

We computed the ROC and AUC metrics to compare the

performance of the four methods. Under the mean base cover-
age of 150�, ASpediaFI consistently achieved the highest
AUC across various sample sizes, while exhibiting relatively
competitive performance for the smallest dataset (n = 5; Fig-

ure 2A). In all four methods, the AUC values increased as the
sample size increased from 5 to 20. ASpediaFI showed the best
performance among the four methods (Figure 2A). Based on

the AUC values, ASpediaFI exhibited the best performance
across all sequencing depths in 20 replicates per condition
(Figure 2A, Figure S1). Importantly, in the critical region with

a false-positive rate between 0 and 0.25, ASpediaFI consis-
tently achieved the highest true positive rate among the four
methods, except for a sample size of 5 (Figure 2A, Figure S1).

When assessing the performance under various sequencing

depth conditions, all four methods demonstrated stable
performance under varying depths. Under the sample sizes
of 20 and 10, all four methods robustly identified true DAS
events with AUC values maintained around 0.8 or above, even

if the sequencing depth decreased (Figure 2B). However, all
four methods exhibited relatively lower discriminative power
when the sequencing depth decreased unber the smallest sam-

ple size (n = 5). Specifically, in all four methods, AUC values
decreased with the largest degree at the lowest depth
(depth = 15�) and the smallest sample size (n = 5). The

AUC value of rMATS was mostly decreased from 0.85 to
0.77, while the other three methods maintained an AUC value
of at least 0.8 (Figure 2B, Figure S1). Despite the unsuitable
condition (sequenicng depth 12� and sample size 5), ASpe-

diaFI maintained higher AUC values than the other three
methods (ASpediaFI = 0.83, MISO = 0.80, rMATS = 0.77,
and SUPPA2 = 0.80). Moreover, ASpediaFI achieved consis-

tently higher AUC statistics and showed the best discrimina-
tive power for sample sizes of 20 and 10 even when the
sequencing depths varied (Figure 2B). Notably, under the low-

est depth (depth = 15�) and largest sample size (n = 20),
ASpediaFI demonstrated the best performance with the largest
AUC difference (ASpediaFI = 0.98, MISO = 0.83,

rMATS = 0.86, and SUPPA2 = 0.85). Overall, all four meth-
ods showed robust performance across various sequencing
depths, except for the smallest sample size (n = 5). However,
ASpediaFI consistently showed superior discriminative power

in our simulation analysis.
Additionally, we compared the performance under three

different isoform usage conditions for case samples

(low = 0.4, medium = 0.6, and high = 0.8). Other factors (se-

quening depth 65� and sample size 20) were fixed with isoform

usage (0.2) for control samples (Figure 2C). Our method

showed the best performance (AUC = 0.88–0.96), compared

to other methods (AUC = 0.68–0.87). Moreover, as ASpe-

diaFI requires a correlation coefficient option for connecting

network edges, we tested cutoffs (r = 0.4, 0.5, and 0.6) using

datasets with sequencing depths of 150� and 65�
(Table S3). For a fixed sequencing depth and sample size,

AUC values were maintained across the cutoffs, ranging from

moderate to strong correlation coefficients. When stricter cut-

offs were applied to the largest dataset (n = 20), ASpediaFI

performance consistently exhibited good performance, increas-

ing up to AUC 0.97 for both sequencing depths (Table S3).

Overall, ASpediaFI exhibited a robust performance under var-

ious AS ratios and correlation thresholds for network edges.

AS analysis and evaluation from three RNA-seq datasets

To assess the performance of our method, we employed three
RNA-seq datasets from MDS patients, STAD patients, and

RBFOX1-knockdown cell lines, respectively. MDS and STAD
were collected from a large-scale cancer dataset, and the
RBFOX1 set included two-condition samples of a relatively

smaller size (n = 5 per condition). The datasets contain SF
mutations or down-regulation which induce AS events. We
performed ASpediaFI analysis and compared it with other
methods. The DAS, pathway, and network topological details

are summarized in Table S1. Various evaluations were per-
formed based on the characteristics of three case studies.



Figure 2 Performance evaluation and comparison of ASpediaFI and three other methods on simulated RNA-seq datasets

A. ROC curves to evaluate the accuracy of four methods detecting DAS events from simulated datasets of mean base coverage

(depth = 150�) and varying sample sizes (n = 20, 10, and 5 replicates per condition). ROC curves for each method illustrate the true-

positive rate (y-axis) against the false-positive rate (x-axis). AUC values are described for each method. The dashed diagonal line

corresponds to a ROC curve when DAS predictions are randomly guessed (AUC = 0.5). B. Bar plots of AUC for evaluating sequencing

depth effect (depth = 150�, 65�, 50�, 30�, and 15�) and sample size effect (n = 20, 10, and 5 replicates per condition). C. ROC curves

to compare the performance of four methods under three isoform usage conditions of high (0.8), medium (0.6), and low (0.4), with other

conditions shared (sequencing depth 65� and sample size 20). ROC, receiver operating characteristic; DAS, differential alternative

splicing; AUC, area under the curve.
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Case study 1: mutations in three SFs induce the dysregulation of

heme metabolism in MDS

We investigated AS events in RNA-seq samples from MDS
patients (n = 82) induced by SF deficiency on SF3B1
(n = 28), SRSF2 (n = 8), and U2AF1 (n = 6). Initially, a
heterogeneous network contained 54,032 nodes and 108,074
edges for a gene–gene interaction network with Kleinberg’s
hub centrality score average of 0.017. After filtering out low-
quality genes and adding AS feature nodes, the network finally
contained 6142 AS events with 326,532 gene–AS edges for the
first-stage RWR. ASpediaFI was independently applied to
these three SF-deficient MDS datasets using three query gene
sets from DEGs (n = 112, 107, and 96) [19]. By comparing
SF MUT with WT samples, ASpediaFI identified 281, 269,
and 285 DAS events and 19, 31, and 15 pathways for
SF3B1, SRSF2, and U2AF1, respectively (Table S1). For com-
parison with other methods, we extracted DAS events via
MISO (n = 2119), rMATS (n = 2395), and SUPPA2
(n = 208). When we reduced the MISO and rMATS DAS
events to approximately 200–300, similar to ASpediaFI or
SUPPA2, only SE events were left. Therefore, it is unavoidable
to extract over 2000 DAS events to detect five AS events.
MISO and rMATS provided de novo splicing event analyses,
so we additionally investigated whether novel events were
being. Among the resultant DAS events, 21% and 6% were
novel in MISO and rMATS, respectively. The number of
known events for the two methods was still larger than that
for ASpediaFI and SUPPA2. Next, we compared our results
with other methods to evaluate how biologically relevant
extracted AS events were. We evaluated the extent to which
the performance is associated with various query conditions
of strict DEG cutoffs and pathway gene sets. Finally, the cis-
element motifs and functional sequences, such as protein
domain and NMD, were investigated for further validation.

We demonstrated the performance of our method for iden-
tifying AS events. Contrary to other methods, our method pro-

vided distinct steps to exploit the DEG query and identify AS
events co-expressed with the query gene set. Therefore, to eval-
uate the discriminative ability of our method, we extracted PSI

profiles of the resultant AS events and tested their performance
using a hierarchical clustering approach. As depicted in a scat-
terplot of principal component analysis (PCA) for the SF3B1

case, our method accurately discriminated MUT and WT sam-
ples (sensitivity: 100%, specificity: 96.3%; Figure 3A).

Next, we examined the proportions of the five AS event
types for the four methods (Figure 3B; Table S4). For ASpe-

diaFI, RI (38%�53%) was frequently detected across the
three SF analyses, followed by A3SS (Figure 3B, Figure S2).
The dominant occurrence of A3SS and RI events resembles

previous MDS studies [18,19,47,48,51–53]. rMATS and MISO
detected SE as the dominant event type across the three SF
analyses (rMATS: 42%�63%, MISO: 37%�53%; Table S4);

rMATS detected RI as the second most frequent event type
in the analyses of SF3B1 and U2AF1 (22% and 16%, respec-
tively), while MISO detected RI as the second most frequent

event type across the three SF analyses (15%�31%). While
rMATS and MISO showed a similar pattern, SUPPA2
detected A3SS (37%) most frequently, followed by SE (32%)
and RI (15%) in SF3B1 analysis (Figure 3B). For other anal-

yses of SRSF2 and U2AF1 using SUPPA2, SE took the most
substantial proportion (44%�47%) and A3SS (20%�25%)
as the second-largest type (Table S4). The top 200–300 ranked
AS events exhibited a difference in AS type proportions in SE
and RI events. Previous studies of the SF3B1 variant to disrupt
A3SS indicated that rMATS and MISO detected more propor-

tions of SE-type events [18,67]. Meanwhile, ASpediaFI and
SUPPA2 detected A3SS events relatively well but presented
a difference in the RI type proportion. For the other compre-

hensive SF MUT analyses, our AS-type counts resembled
TCGA acute myeloid leukemia, lung cancer, and uveal mela-
noma in the A3SS type being dominant (Figure S2) [18,19].

In contrast, rMATS and MISO detected SE events as the most
frequent type in all three SF analyses.

A distinct advantage of our method is that it extracts inter-
acting genes and pathways associated with AS event sets. We

demonstrated the relevance of these pathway results using
GSEA based on gene expression. We extracted highly ranked
hallmark pathways using GSVA and limma from our three

SF MUT analysis results (Figure 3C, right). The HM pathway
was ranked highest in all three SF analyses. Additionally, the
inflammatory response, coagulation, and hypoxia pathways

were found to be regulated by the three mutated SFs. Our
extracted pathways were notably consistent with a previous
MDS analysis [19]. ASpediaFI also consistently detected

HM, EMT, and estrogen receptor signaling pathways (Fig-
ure 3C, right), compared with the GSEA top-ranked pathways
(Figure 3C, left).

We further evaluated the functional enrichment of DAS

event sets detected by the four methods. Previous studies
reported that disrupted splicing due to SF3B1 or U2AF1muta-
tion involves hematopoietic malignancy, HM, and heme

biosynthesis in MDS or other blood cancers [47–53]. There-
fore, we selected the HM pathway and its expansion set as cri-
teria to evaluate performance. ASpediaFI demonstrated the

highest enrichment of both HM and expansion sets in the
SF3B1 analysis in terms of Fisher’s exact test P values and
F1 scores (Figure 3D). Although other methods, particularly

rMATS, exhibited superior performance according to Fisher’s
P values in the SRSF2 analysis (HM set, P = 0.00021; HM
expansion set, P = 0.039), F1 scores indicated that ASpediaFI
achieved relatively reasonable performance in the SRSF2 anal-

ysis (Figure 3D, Figure S3). In addition, our method showed
the highest degree of HM and expansion enrichment based
on the F1 scores in the U2AF1 analysis (ASpediaFI: 0.035

and 0.16, rMATS: 0.028 and 0.13, respectively, for HM and
expansion sets; Figure 3D). Because there is no gene set data-
base for AS events, we defined HM pathway genes as true pos-

itive. Therefore, the overall F1 scores are low (< 0.2)
compared with simulation analyses in which the ground truth
is well defined. Next, we verified the performance based on
multiple query gene sets. When testing various DEG queries

(adjusted P value < 0.001; log2 FC > 1, 0.6, or 0.4), ASpe-
diaFI showed the best F1 score under the strict DEG cutoff
condition (Table S5). Querying the HM pathway showed

almost the same performance as DEGs under the strict condi-
tion (adjusted P value < 0.001; log2 FC > 1), whereas the
poorest result was obtained for the randomly selected gene

query set (Table S5).
Additionally, we validated the performance of cis-elements

to detect more A3SS in the previous SF3B1 analysis. We con-

trasted motifs around acceptor sites between the identified
DAS events (n = 66) and non-DAS events (n = 2469). As
depicted in the motif frequency plots (Figure 3E), the upstream
region of the canonical AG dinucleotide (�2 to �1 nt) was
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enriched with the long polypyrimidine (Py) tract (bottom plot);
meanwhile, DAS events were observed with shorter Py tracts
and multiple motifs at �16 to �13 nt and �35 to �22 nt

regions, respectively (Figure 3E, top plot). In particular, the
perturbation of cis-elements of regions �16 to �13 nt was
consistent with previous SF3B1 K700E mutation analysis

investigating �20 to +3 nt regions [68]. Next, we explored var-
ious functional sequence features of splicing regions, such as
the protein domain or NMD [45]. Although one feature, such
as the protein domain, could not become an absolute measure
to compare the performance, we could infer the functional
importance of the detected results. Across the three SF analy-

ses, our method presented more DAS events involved in pro-
tein domains (Pfam) and isoform-specific PPIs, compared to
those identified by other methods (Figure 3F, Figure S4).

MISO detected the most frequent NMD-associated AS events.
Overall, there was no significant difference noted among the
four methods according to the functional sequence features.
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Case study 2: EMT pathway in stomach cancer induced by

ESRP1 and the representative AS events

The epithelial regulatory SF, ESRP1, is down-regulated during
the EMT and plays a critical role in tumor progression [56,69].
We analyzed the TCGA STAD dataset to examine ESRP1-

related AS events and associated pathway regulation. The
comparison analysis of the TCGA STAD level 3 RNA-seq
dataset was restricted to SUPPA2 and our method. Samples

were first classified into ESRP1-high (n = 41) and ESRP1-
low (n = 42) groups based on ESRP1mRNA expression levels
(RPKM). ASpediaFI identified seven pathways and 293 DAS
events (Table S1) from a query gene set of 578 DEGs. The PSI

profile of detected AS events illustrated the strong discrimina-
tory power of our method (sensitivity, 100%; specificity, 69%;
Figure 4A). The proportions of the five AS event types are pre-

sented in Figure 4B. SE (66%) was found to be three times as
large as the sum of (22%) of A3SS and A5SS. Likewise,
SUPPA2 detected 57% SE events, and the proportion was sim-

ilar to our method. In pathway analysis, ASpediaFI ranked the
EMT pathway on top and consequently identified EMT-
associated pathways such as ‘myogenesis’ and ‘apical junction’

(Figure 4C, left). To further evaluate our pathway results, we
compared our method with the gene expression-based GSEA
method, GSVA (Figure 4C, right). The GSVA result also
resembled our rankings except for two pathways, ‘IL2-

STAT5 signaling’ and ‘UV response down’.
To investigate the association between AS events and EMT,

we demonstrated enrichment with the EMT gene set as a gold

standard gene set. The EMT pathway was chosen based on
previous studies reporting that SF ESRP1 serves as an
upstream regulator of the EMT pathway [6,56]. We compared

the two results extracted from ASpediaFI and SUPPA2 with
the EMT expansion gene set, including known and novel
neighboring genes of the pathway (Figure 4D). The two results

were equally enriched in the expansion gene set (Fisher’s exact
test P < 0.003). Meanwhile, ASpediaFI (n = 23) exclusively
identified more novel AS events than SUPPA2 (n = 16), as
well as protein domain-associated events (ASpediaFI, 34.8%

of 23 events; SUPPA2, 25% of 16; Table S4). We also com-
pared two results with five AS sets for EMT studies or ESRP1-
associated AS results derived from independent experiments

and RT-PCR [4,6,56,57]. The five sets were extracted from
RNA-seq or SELEX-seq data for ESRP1-binding sites using
ESRP1 knockdown, siRNA, or EMT-inducing culture cells.

Fisher’s test and Jaccard indices referring to five sets were
Figure 3 Identification of AS events and pathways regulated by SF3B

A. PCA plot derived from PSI values of 281 DAS events identified in SF

four methods in the SF3B1 MUT case. Total counts of identified DA

Enrichment comparison of pathways identified by gene expression-based

enrichment in the top 15 pathways across the three SF analyses (ranked

GSEA using gene expression profiles only. The heatmap (left) depicts the

Fisher’s exact test P values (�log10) and F1 scores to test pathway enrich

two pathway gene sets and DAS event gene sets identified from four m

compared across the four methods and the three SF analyses. E. Sequen

upstream of the 30 AG to 3 nt downstream are represented (DAS at the to

to contain three functional sequence features: protein domain, NMD,

between the four methods. MDS, myelodysplastic syndrome; PCA, princ

component 2; MUT, mutated; SF, splicing factor; stat-P, stationary prob

analysis; HM, heme metabolism; A3SS, alternative 30 splice site; NMD,
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notably better for the ASpediaFI DAS set than for SUPPA2
(Figure 4E).

In particular, ASpediaFI identified known EMT-associated

AS events, ENAH SE, FGFR2 MXE, and TCF7L2 SE, which
neither exist in the hallmark EMT pathway gene set nor were
detected by SUPPA2. Three events were identified in all five

EMT AS sets (Figure 4E). Additionally, PSI values of the three
events were highly correlated (|r| = 0.62–0.72) with EMT
pathway scores (Figure 4F). The three AS events belong to

the EMT-associated subnetwork extracted by ASpediaFI (Fig-
ure 4G). Our network revealed the functional interactions of
TCF7L2 and FGFR2 with the network hub FLNA [70]. The
three AS events lead to changes in the protein domain involved

in EMT [71–73]. TCF7L2 SE is presented in the ‘N-terminal
CTNNB1 binding’ domain, FGFR2 MXE in the
‘Immunoglobulin I-set domain,’ and ENAH in the ‘EVH2

domain’ (Figure S5). FGFR2 MXE generates two isoforms:
FGFR2-IIIb, exclusive to epithelial cells, and FGFR2-IIIc,
which causes a switch from the mesenchymal isoform and

induces a change in ligand binding specificity, thereby regulat-
ing cell proliferation and differentiation (Figure S5) [72].
TCF7L2 SE in the CTNNB1 binding domain affects the activ-

ity of Wnt/b-catenin target genes, and its deficiency was veri-
fied as the depletion of a proliferative cell compartment in
the intestinal epithelium in mice [73]. Its switch-like exon usage
is associated with invasive and mesenchymal-like breast

tumors [71].

Case study 3: AS events uncover neuronal development by

RBFOX1 knockdown

The spliced genes mediated by the RNA-binding protein
RBFOX1 regulate neuronal development and are associated
with developmental disorders such as autism [58,74]. We

analyzed the RBFOX1-knockdown RNA-seq dataset of
primary human neural progenitor cells, including five
RBFOX1-knockdown samples and five control samples. To

be consistent with the previous study, we changed the reference
pathway gene set to GO level 5 [58]. ASpediaFI identified 291
DAS events and nine pathways (Table S1) using a query gene

set of 521 DEGs. For comparison with other methods, DAS
events were aslo detected via MISO (n = 264), rMATS
(n = 310), and SUPPA2 (n = 363). To verify the DAS results
of the four methods, we computed the Jaccard index using

seven relevant gene signatures (autism, n = 196 [58]; Zhang,
n = 1103 [59]; Yeo, n = 1681 [60]; Denichenko, n = 63
1, SRSF2, and U2AF1 mutations in the MDS dataset

3B1 MUT samples. B. Percentages of five AS types identified by the

S events are indicated at the top of each method’s pie chart. C.

analysis and ASpediaFI. The heatmap (right) represents the degree of

by ASpediaFI stat-P values). The selected pathways were tested in

statistical significance of pathway-level GSVA scores. D. Bar plots of

ment for both HM and expansion sets. Enrichment was tested from

ethods. The degree of enrichment in the two pathway gene sets was

ce logos of the motif detected around the A3SS. Motifs from 35 nt

p and non-DAS at the bottom). F. Percentage bar plots of AS events

and isoform-specific PPIs. These functional features are compared

ipal component analysis; PC1, principal component 1; PC2, principal

ability; GSEA, gene set enrichment analysis; GSVA, gene set variant

nonsense-mediated decay; PPI, protein–protein interaction.
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[62]; Wamsley_1, n = 278 [63]; Wamsley_2, n = 580 [63]; and
Damianov, n = 722 [64]) and three controls (Figure 5A). The
seven relevant signatures were collected from previous splicing

studies analyzing RNA-seq, CLIP-seq, or computational motif
prediction to perform experiments for autism, human neuronal
progenitors, or cortical interneuron cells [58–60,62–64]. Con-

trols were randomly selected from known gene sets: mitochon-
drial (n = 319), ataxia (n = 51), and epilepsy (n = 46). Our
resultant AS sets exhibited higher similarity across the seven
relevant sets than the control sets (Figure 5A).

Our pathway results identified neurogenesis, neuron differ-

entiation, and nervous system developmental pathways
(Table S1). To further evaluate the pathway detection perfor-
mance, we compared our results ‘FI’ with two gene sets derived

from a previous study [58], the ‘DAS’ set and co-expression
subnetwork ‘Blue module’ gene set (Figure 5B). We chose



Figure 5 Analysis of the RBFOX1-knockdown RNA-seq dataset

A. Jaccard index bar plots to compare AS event consistency between four tools with previously identified RBFOX1/2 induced splicing gene

signatures [58–64]. Seven relevant RBFOX1/2-associated splicing gene sets were collected for benchmarking, and three sets for controls. B.

Dot plot for percentile ranks of GO terms (row) from gene sets (column) by three different methods: our genes extracted by permutation P

values (FI), neuronal development genes identified by WGCNA referring gene expression (Blue module), and DAS. The last two gene sets

were derived from the previous study result [58]. C. RBFOX1-associated subnetwork identified by ASpediaFI. To extract a smaller size

subnetwork, we eliminated gene nodes belonging to neuron differentiation set with log2 FC < 0.25 and AS nodes with DPSIj j < 0.15. D.

Exonic structure of exon 18 skipping (red) and protein domains of ROBO1. GO, Gene Ontology.

Figure 4 Identification of AS events associated with EMT pathway regulated by ESRP1

A. PCA scatter plot derived from PSI values of 293 DAS events. B. Percentage pie chart of five AS types. C. Pathway identification

comparison between ASpediaFI and GSVA . Seven pathways in the heatmap row were chosen from the ASpediaFI pathway ranking, and

columns were ordered by high and low groups. The heatmap demonstrates pathway-level GSVA scores estimated using gene expression

profiles. The bar plot on the right presents both our stat-P values (gray) for pathway ranking and adjusted P values (�log10) of GSVA

scores (white) comparing between ESRP1-high and ESRP1-low groups. D. Venn diagram of ASpediaFI, SUPPA2, and the EMT

expansion gene set. P values for two AS sets denote enrichment with the EMT expansion gene set. E. Status bar plots to investigate AS

event consistency identified by ASpediaFI and SUPPA2. Five EMT splicing gene signatures (Yang ESRP1 [4], Yang EMT [4], Warzecha

[57], Dittmar [6], and Shapiro [56]) were collected, and Fisher’s exact test P values (�log10) and Jaccard indices were calculated. F. Scatter

plots between EMT pathway scores (y-axis) by GSVA and
ffiffiffiffiffiffiffiffi
PSI2

p
(x-axis) for three AS events occurring in ENAH, FGFR2, and TCG7L2.

Correlation coefficients (r) were added to each plot. Blue dots indicate ESRP1-low group and red dots indicate ESRP1-high group.

G. A gene–AS interaction subnetwork identified by ASpediaFI. Circles denote gene nodes and hexagons denote AS event nodes. AS event

nodes were filled in color by DPSIj j values. To extract smaller size EMT-relevant subnetwork for generating plot, we eliminated gene

nodes belonging to the EMT expansion gene set with log2 FC< 2 and AS nodes with DPSIj j< 0.25. Multiple edges of one AS event node

were trimmed except the one with the maximum score. The dotted ellipse indicates the interactions of three spliced genes in (F). EMT,

epithelial–mesenchymal transition; FC, fold change.
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the top five GO terms for each GSEA result from the three
gene sets and computed their percentile ranks. GSEA using
the ‘Blue module’ gene set failed to detect neuron differentia-

tion and neurogenesis. The test results of the DAS set included
discordant terms, such as post-transcriptional regulation and
the viral life cycle. Unlike these two AS signature sets, the

ASpediaFI result (FI) successfully identified the most relevant
biological processes associated with neuron development in the
top GO terms. This result illustrates the advantage of our inte-

grative approach and the limitations of the previous approach
(Blue module and DAS).

We identified an RBFOX1-associated module within a
heterogeneous network (Figure 5C). The subnetwork included

AS events of ROBO1 and CLIP1, both of which had neural-
regulated micro-exons (exons 3–27 nt) involved in an AS inter-
action network associated with an autism spectrum disorder in

a previous study [74]. Among the AS events, three micro-exon
events (AP2M1, CLASP1, and ROBO1) were identified as
neural-regulated in a previous study. In particular, ROBO1

exon 18 skipping induced helical domain exclusion and loss-
of-function of ROBO1-SLIT2 signaling (Figure 5D). In our
results, ROBO1 exon exclusion was significant (permutation

P value = 0.001, DPSIj j = �0.265; Table S1) and moderately
correlated with the GSVA scores of the REACTOME ROBO
receptor signaling pathway (r = �0.53).
Discussion

The advent of next-generation sequencing led to the develop-

ment of various novel methods for DAS analysis. Although
DAS test methods have improved their accuracy, it is still chal-
lenging to interpret the biological relevance of resultant AS

events. Here, we suggest an integrative method, ASpediaFI,
to systematically identify AS events, co-expressed genes, and
pathways together. ASpediaFI also provides functional inter-

actions in the form of an interaction network. This enables
users to understand co-expressed genes and global pathway
activities regulated by splicing. Therefore, it helps to determine
biologically relevant AS events.

To evaluate the performance of ASpediaFI, we analyzed a
simulated dataset and compared it with three conventional
analysis tools. We designed the sequencing depth conditions

to cover read counts of 5 to 52 million and various sample
sizes. In the simulation, a larger sample size and a higher
sequencing depth dataset showed better performance for all

the methods. When the conditions were unfavorable due to
decreasing sequencing depth, ASpediaFI maintained better
AUC values than the other tools (Figure 2B). However, ASpe-
diaFI performance was reduced when working with a low sam-

ple size of less than 5. We could infer that the stability of
ASpediaFI originates from our distinct approach for AS–gene
correlation interaction network. Additionally, the correlation

to establish a network restricts the minimum requirement of
a sample size of over five for stable performance. It also
showed an advantage in higher accuracy for lower sequencing

depth samples. Our method is robust to various conditions of
isoform usage (AS ratios). In short, our tool is executable for
RNA-seq conditions with a minimum of 5 replicates per con-

dition and a total read count of 5 million per sample.
Three case studies were performed to examine the perfor-

mance of our tool and verify the biological relevance of the
results. In case study 1, ASpediaFI enables the user to extract
essential DAS results (n < 300), such as SUPPA2. However,
MISO and rMATS dominantly detected SE type under the

cutoff equal to SUPPA2, and fewer de novo event-comprised
proportions (less than 20%). Therefore, it was unavoidable
to select a more extensive DAS set (n > 2000) to include the

five AS event types in the results. We showed that the two
methods used to detect frequent SE types have the multiple-
testing problem derived from tremendous test numbers, such

as the DEG statistical test. As previously known, it is also
accompanied by the burden of false-positive errors [16,17].
Meanwhile, the other three methods perform independent test
strategies for each AS type so that they cannot be pooled for

all events. Hence, users should avoid equal P value cutoffs
and consider separate DAS selection strategies for the charac-
teristics of each method and each event type. Meanwhile, our

results detected more RI-type events than the other three
methods. Interestingly, 95% of RI in our results were exclusion
events, and our AS type proportions were similar to the refined

results of a previous analysis and TCGA studies, where A3SS
and RI were detected as dominant event types [18,19]. As pre-
viously known, Oxford Nanopore technology has demon-

strated a great advantage of long-read sequencing (median
read length of 712–948 bp) [68]. The dominance of our RI
exclusion remarkably corresponded with that of Oxford Nano-
pore to be more precise in splicing analysis. In case study 2, AS

event types identified from ASpediaFI exhibited similar pro-
portions to SUPPA2 (Figure 4B). Here, we simplified the anal-
ysis for a two-condition human dataset, but our method can be

extended to other complex conditions such as other organisms,
time series, or multiple conditions.

ASpediaFI extracts pathways associated with AS regula-

tion. Hence, we demonstrated the biological relevance of the
resultant pathways and the AS event set. We compared our
results with the conventionally used GSEA and GSVA meth-

ods, which refer to the gene expression profile. Case studies
1 and 2 presented a remarkable similarity between our study
and the GSVA and previous studies [19,72]. We also tested
the enrichment of AS events with the HM pathway gene set

(case 1) and EMT (case 2), considered as gold standard sets
based on previous studies. Our method achieved superior per-
formance compared to the other three DAS detection tools.

Additionally, we investigated the orthogonal evidence
derived from RT-PCR. Among the identified results, splicing
events of SEP2, PFKM, and GCC2 were detected in all four

methods and verified by RT-PCR [19]. The RI event in the
OGI gene, an HM pathway neighbor, was detected only by
ASpediaFI [75]. PPOX, an HM pathway member gene, was
detected in all three methods except for SUPPA2. Interest-

ingly, only ASpediaFI detected alpha-synuclein (SCNA), a
member of the HM pathway. The splicing event of SCNA
has been strictly evaluated in Parkinson’s disease, and

oxidant-induced functional AS has been reported [76]. Our
results showed higher reproducibility in the evaluation using
AS events for case 2 than for SUPPA2 (Figure 4E). Moreover,

ENAH, FGFR2, and TCF7L2 (Figure 4F) identified in ASpe-
diaFI are already evaluated in various studies as well as RT-
PCR [71–73].

Considering both PSI and gene expression profiles, our
approach offers a unique advantage in supporting integrative
results. Instead of multiple tests for DAS, DEG, and GSEA,
ASpediaFI systemically elucidates the interactions between
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AS and genes and delineates pathway regulation. In case 3, the
previous RBFOX1 study performed GSEA and network-based
module identification for each DEG and DAS set [58]. This

previous study employed a complex procedure from extracting
large DAS sets (n = 996) to splitting AS sets into inclusion
and exclusion groups. Moreover, their independent tests for

extracting DEG and DAS could not elucidate the interaction
between AS events or genes. In contrast, our method provides
integrative results in a single analysis and detects neurodevel-

opmental pathways more precisely than previous results
(Figure 4C).

Another novel characteristic of our method is to extract a
small DAS set. In contrast, MISO and rMATS constitutively

detect tremendous amounts of over a thousand AS events to
extract biologically relevant events. Our method could extract
fewer than 300 AS events to identify specific pathways in the

three case studies. The minimal results provide the convenience
of deciding subsequent evaluations such as wet-lab experi-
ments. Meanwhile, our method requires various cutoffs and

conditions to optimize the result. Here, we suggested 100–
500 query gene set sizes based on three case studies. To test
AS events of reliable read depth, the ‘low.expr’ option to mean

minimum gene expression ensures enough read counts to
detect precisely AS events. Actually, in case study 1, average
median read counts of detected AS events were over 100. Fur-
thermore, ASpediaFI supports numerous user-friendly fea-

tures. Our method does not depend on any alignment tool
and contains the minimum dependency of the input format.
ASpediaFI refers to BAM files, gene models, gene interactions,

or gene sets, which are widely used in gene expression analyses.
This also supports a reasonable execution time. The time-
consuming task of reading BAM files is eased with a multi-

thread option, and the principal analysis step of DRaWR after
preprocessing is executable with a computer (RAM 16 GB,
CPU 3.40 GHz, and 5.23 min of execution time for the simu-

lation dataset of sequencing depth 65� and sample size 20).
Even though it was incomparable with ours because other
methods could consume additional time for preprocessing
steps, those methods took about 30 min (case 3) to 2 days (case

1) to analyze the same datasets.
The distinct characteristics of our method are limited.

Additional reference requirements, such as interaction net-

works, could become a limitation. For instance, known gene
interaction networks or pathway gene set information of new
organisms are not available. In addition, our DAS results

could be the indirect inference of DEG by the guilt-by-
association because our tool extracts DAS similar to the
DEG query. Thus, it could unexpectedly lead to an over-
represented DAS effect. There remain several tasks to be

implemented in future releases. Further studies include mea-
suring the uncertainty of PSI values on low read count splicing
regions, improving robustness to datasets of small sample size,

and extending to cover de novo event types or novel experimen-
tal designs such as time-series must be performed.

Conclusion

In this study, we developed a novel integrative approach,
ASpediaFI, to extract AS–gene–pathway associations using a

heterogeneous network. We verified the capability of our
method to interpret the biological processes regulated by
splicing. Based on simulation analyzed under various condi-
tions, ASpediaFI showed superior performance to the other
three DAS detection methods in terms of AUC metric. As

shown in the three case studies, ASpediaFI successfully identi-
fied DAS events and biologically relevant pathways. We expect
that ASpediaFI will be beneficial in providing insights into

novel roles and global regulation of SFs and AS events.

Code availability

ASpediaFI is supported as an open-source R package pro-
gram. The tool, user manual, and case studies are publicly
available at https://bioconductor.org/packages/ASpediaFI.
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Alternative splicing of Tcf7l2 transcripts generates protein vari-

ants with differential promoter-binding and transcriptional acti-

vation properties at Wnt/b-catenin targets. Nucleic Acids Res

2010;38:1964–81.

[74] Irimia M, Weatheritt RJ, Ellis JD, Parikshak NN, Gonatopoulos-

Pournatzis T, Babor M, et al. A highly conserved program of

neuronal microexons is misregulated in autistic brains. Cell

2014;159:1511–23.

[75] Parra M, Booth BW, Weiszmann R, Yee B, Yeo GW, Brown JB,

et al. An important class of intron retention events in human

erythroblasts is regulated by cryptic exons proposed to function as

splicing decoys. RNA 2018;24:1255–65.

[76] Kalivendi SV, Yedlapudi D, Hillard CJ, Kalyanaraman B.

Oxidants induce alternative splicing of a-synuclein: implications

for Parkinson’s disease. Free Radic Biol Med 2010;48:377–83.


