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SUMMARY

Alternative splicing expands transcriptomic and proteomic diversity and contributes to cell identity and func-
tion. Advances in single-cell RNA sequencing enable transcriptome profiling at cellular resolution, yet their
performance across biologically relevant tasks has not been systematically evaluated. Here, we benchmark
six representative alternative splicing analysis methods across multiple full-length, short-read scRNA-seq
datasets, focusing on biologically relevant tasks including cell clustering and differential splicing detection.
Among these methods, scQuint achieves robust performance across datasets and tasks. Application of
scQuint to stem cell differentiation and tumor-associated immune cell datasets identifies cell type-specific
splicing programs with biological significance. These results provide guidance for method selection and
highlight the value of single-cell splicing analysis for uncovering regulatory mechanisms beyond gene

expression.

INTRODUCTION

Alternative splicing (AS) is a post-transcriptional mechanism by
which different splice sites are selected during precursor
mRNA processing, resulting in the inclusion or exclusion of spe-
cific exons and producing multiple splice isoforms from a single
gene. This process greatly enhances proteomic diversity and
functional complexity in eukaryotic cells. AS is highly prevalent,
with approximately 95% of human multi-exon genes undergoing
AS." It plays essential roles in maintaining cellular homeostasis
and is involved in nearly all major biological processes, including
growth, development, and aging.® Aberrant splicing contrib-
utes to various diseases, such as neurodegenerative disorders,
autoimmune conditions, and cancers.*"® Targeting mis-splicing
has emerged as a promising therapeutic strategy, with several
AS-modulating drugs already approved for clinical use.”® Accu-
rate identification of AS events is thus critical for understanding
biological regulation and disease mechanisms.

Currently, AS is primarily studied using bulk RNA sequencing
(bulk RNA-seq), which has revealed widespread species- and
tissue-specific splicing patterns and identified numerous func-
tionally relevant AS events.*°'° For instance, our previous study
demonstrated increased AS activity during skeletal muscle atro-
phy, where enhanced inclusion of conserved exons in the titin-in-
teracting RhoGEF Obscn may contribute to muscle wasting."
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Integrative analyses of disease-associated bulk RNA-seq data-
sets have also uncovered extensive AS dysregulation. In hepato-
cellular carcinoma, splicing alterations in hepatocyte-specific
kinases were significantly associated with patient survival and
recurrence.'” Despite these advances, bulk RNA-seq cannot
resolve cell-type-specific splicing patterns or disentangle the
contribution of individual cell populations to observed transcrip-
tomic changes.

In contrast, single-cell RNA sequencing (scRNA-seq) over-
comes the averaging limitations of bulk RNA-seq by enabling
transcriptomic profiling at single-cell resolution. Contemporary
scRNA-seq technologies can be broadly classified into two cat-
egories: plate-based and droplet-based methods. Plate-based
approaches, such as Smart-seq, Smart-seq2, and Smart-
seq3,'®'° provide full-length transcript coverage, making them
particularly suitable for direct analysis of AS events. In contrast,
droplet-based platforms, including 10x Genomics, offer sub-
stantially higher throughput through cell barcoding but sacrifice
read depth and coverage. These methods typically capture
exon-intron junctions near the 3’ or 5’ ends of transcripts, de-
pending on the library preparation protocol.'® Although third-
generation long-read sequencing technologies enable direct
observation of full-length isoforms, current single-cell long-
read datasets differ substantially from short-read scRNA-seq
data in data characteristics and analytical focus.'” Several
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studies have demonstrated the feasibility and value of analyzing
AS at single-cell resolution. For example, splicing patterns have
been profiled in neurons, pancreatic islet cells, and peripheral
blood mononuclear cells (PBMCs) using Smart-seg-based
data, revealing isoform-level differences between cell types
and shedding light on functional specialization.’®?' These
studies have shown that AS contributes meaningfully to cell
identity and can complement gene expression in characterizing
cell states. Despite these advances, single-cell AS remains an
underexplored area compared to gene expression. Most current
studies are limited in scale or focused on specific systems, and
there is a lack of systematic analysis across diverse cell types
and biological contexts. This highlights both the importance
and the urgency of developing robust tools and frameworks to
better understand splicing regulation at single-cell resolution,
despite the unique challenges posed by single-cell transcrip-
tomic data.

A major limitation in performing AS analysis at the single-cell
level lies in the inherent challenges of scRNA-seq data, particu-
larly its sparsity and high dropout rates.?*?® When read depth is
low, percent spliced in (PSI) estimates become highly variable
due to limited read support at splice junctions. Since PSI is
computed as the ratio of inclusion-supporting reads to all reads
spanning the event, it is particularly sensitive to dropout and
noise.”* Unlike gene expression, where missing values can often
be interpreted as zero, splicing ratios reflect relative isoform us-
age and cannot be imputed in the same manner. These limita-
tions make accurate PSI estimation in single cells particularly
difficult. To address these challenges, a number of computa-
tional methods have been developed for quantifying AS in
scRNA-seq data, each adopting distinct strategies to define
and measure splicing events. BRIE2 employs a Bayesian frame-
work to estimate PSI values under low read coverage.”” scQuint
aggregates splicing information across all cells to compute a
global PSI.?® SCASL applies a weighted k-nearest neighbor
approach for PSI imputation,”” while MARVEL approximates
PSI distributions using a random sampling strategy.®

Although multiple methods have been proposed for single-cell
splicing analysis, a systematic comparison of their performance
has been lacking. To address this, we performed a comprehen-
sive benchmarking of six current state-of-the-art methods:
BRIE2, scQuint, Psix,® SpliZ,** MARVEL, and SCASL. Their per-
formance was evaluated across multiple datasets and biological
tasks, focusing on two central goals in splicing analysis: clus-
tering cells based on splicing profiles and identifying differential
splicing between conditions. Beyond benchmarking, we also
explored the biological relevance of the detected events and
identified many cell type-specific splicing patterns, providing in-
sights into cell-specific regulation and potential functional roles
of AS. In this study, we focus on full-length, plate-based
scRNA-seq datasets generated using Smart-seq-based proto-
cols, which are among the most widely used platforms for sin-
gle-cell AS analysis.

In conclusion, we found that scQuint consistently achieved
the best performance in both cell clustering based on splicing
profiles and the detection of differential AS events. Using
scQuint, we further identified numerous biologically relevant
splicing events during stem cell differentiation and within
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tumor-infiltrating immune cells. These results underscore the po-
wer of single-cell splicing analysis in uncovering regulatory pro-
grams that are not apparent from gene expression data alone.

RESULTS

Benchmarking alternative splicing analysis methods in
scRNA-seq data

We surveyed the literature for methods developed for AS anal-
ysis at the single-cell level. We excluded those that do not
provide cell-level splicing estimates, detect only junction or tran-
script abundances without estimating splicing ratios, or require
additional spike-in controls (Methods). In this benchmarking
study, we evaluated six computational methods specifically de-
signed for the analysis of AS in scRNA-seq data, including
BRIE2, scQuint, Psix, SpliZ, MARVEL, and SCASL (Figure 1B).
Among these, five support differential alternative splicing
(DAS) analysis, while Psix does not. The methods can be broadly
grouped into predefined-annotation and annotation-free ap-
proaches. Predefined-annotation methods, including BRIE2,
Psix, and MARVEL, rely on reference transcript annotations to
detect and quantify splicing events. BRIE2 uses a Bayesian
framework to estimate PSI values under low coverage, focusing
specifically on skipped-exon (SE) events. Psix also targets SE
events but calculates raw PSI values without correcting for
dropout. MARVEL supports a broader range of splicing types,
such as SE, intron retention, and alternative splice site usage,
providing more comprehensive splicing profiles. Annotation-
free methods, including scQuint, SpliZ, and SCASL, identify
both known and novel splicing events independently of existing
transcript annotations. scQuint detects alternative introns that
share a common 3’ splice site and imputes missing PSI values
using a global average across all cells. SCASL detects splicing
at both the 5’ and 3’ splice sites and uses a weighted k-nearest
neighbor approach for PSI imputation. SpliZ summarizes intron
usage variability at the gene level to represent splicing
dynamics.

We collected single-cell Smart-seg2 data from eight studies
(Figure 1C), of which five were used for clustering analysis to
evaluate whether AS-derived features could accurately resolve
cell identity. We selected data from a single donor in Zhang
et al., 2019, kidney tissue in the Tabula Muris, 2020 dataset,*
and randomly selected 10 distinct cell types from the Tasic et al.,
2018 dataset.®® Five datasets from three studies were used for
DAS analysis, all of which had matched bulk RNA-seq data.
Detailed information on these subsets can be found in
Table S1. The numbers of mapped reads and junction reads
per cell for all datasets are shown in Figures S1A-S1C.

To assess the performance of these methods for single-cell
RNA splicing analysis, we focused on two core tasks: (1) clus-
tering cells based on splicing-derived features, to evaluate the
ability of splicing features to delineate biologically meaningful
cell types, and (2) detecting DAS events (DASE) between biolog-
ical conditions. For clustering evaluation, we employed four
complementary metrics: accuracy, adjusted rand index (ARI),
normalized mutual information (NMI), and silhouette score. For
all four metrics, higher values indicate better alignment with the
ground-truth labels and more accurate clustering results. Overall
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MARVEL v KS/AD/D Test Statistic Random (0-1) Predefined R
SCASL v Fisher's Exact Test Distance-weighted KNN Free Python
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Tabula Muris, 2020 GSE132042 Mouse Kidney 1686 10 Clustering
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Trapnell et al., 2014 GSE52529 Human | Primary human myoblasts 373 4 Differential splicing
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Aleksandra et al., 2015| E-MTAB-2600 Mouse Embryonic stem cells 456 2 Differential splicing

Figure 1. Overview of the benchmarking framework and datasets

(A) Schematic of the benchmarking workflow for six computational methods designed to analyze alternative splicing in single-cell transcriptomes. Methods were
evaluated based on their performance in cell clustering and in detecting differentially regulated alternative splicing events.

(B) A brief overview of the methods included for benchmarking.

(C) Overview of the eight single-cell RNA-seq datasets used for evaluation.

performance was summarized in a biologically meaningful way = between DASEs identified from matched bulk and scRNA-seq
by introducing the biological clustering integrity (BCI) score, datasets using the area under the concordance curve
defined as the unweighted average of accuracy, ARI, NMI, and  (AUCC).*>** Second, we evaluated the ability of each method
silhouette score. The BCI score reflects both the agreement torecover experimentally validated splicing events. Third, we as-
with known cell types and the structural quality of clusters. For  sessed the functional relevance of detected events by analyzing
the performance evaluation of DASE detection, we used three  the enrichment of gene ontology (GO) terms associated with the
complementary criteria. First, we quantified the concordance biological conditions.
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Figure 2. Performance of splicing-based clustering across AS methods
(A) Mean accuracy and ARI scores for six methods on five scRNA-seq datasets. Dashed lines mark the median performance across methods. Values are

mean +0.5 x SD; error bars show SD across datasets.
(B) Same as A, but evaluated using average NMI and silhouette scores.

(C) Aggregate performance quantified by BCI scores (mean +95% CI, N = 5). Each dot represents one dataset.

(D) UMAP embeddings generated from AS profiles of the Camp et al., 2017 dataset illustrate the discriminative ability of each method. Clustering based on gene
expression is shown as a reference. The score displayed next to each method indicates its corresponding BCI score. Cell clusters were labeled and colored by
cell type annotations: iPSCs (induced pluripotent stem cells), DE (definitive endoderm), HE (hepatic endoderm), IH (immature hepatoblast-like cells), MH (mature
hepatocyte-like cells), EC (endothelial cells), MC (mesenchymal cells), LD (3D liver bud).

Performance evaluation of splicing-based clustering

We first evaluated clustering performance based on splicing-
derived features across six AS analysis methods for scRNA-
seq data: BRIE2, scQuint, Psix, SpliZ, MARVEL, and SCASL.
To this end, we curated five benchmark single-cell datasets
comprising a total of 7,167 cells spanning 46 distinct cell types
(Figures 1C and S2A), which served as ground truth. Clustering
performance was assessed using four metrics, accuracy, AR,
NMI, and silhouette score, as well as the overall performance
metric, the BCI score. To mitigate the influence of hyperpara-
meter settings on clustering outcomes, we conducted a param-
eter sweep over the number of variable events, the number of

4 iScience 29, 116090, June 19, 2026

PCA components, and the clustering resolution. The optimal
combination was selected based on the BCI score. (Table S2).

scQuint and SCASL exhibited outstanding results, with the
highest average accuracy (0.89/0.88), ARI (0.82/0.81), NMI
(0.85/0.83), and silhouette score (0.55/0.51). Their average BCI
score was 0.78 and 0.76, respectively, better than MARVEL
(0.67), BRIE2 (0.53), Psix (0.70), and SpliZ (0.41). We used the
Camp et al., 2017 dataset to visualize clustering outputs,
providing an intuitive comparison of how well each method sep-
arates cell types. UMAP embeddings (Figure 2D) show that
scQuint, SCASL effectively capture underlying cell-type distinc-
tions, producing clustering patterns comparable to those based
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on gene expression profiles. Psix also performed well on this
dataset, achieving a BCI score of 0.84. scQuint and SCASL
show the highest BCI scores across all benchmark datasets
(Figure S2B) and maintain strong performance even when cell
types are not easily separated based on gene expression, as
demonstrated in the Wang et al., 2021 and Zhang et al., 2019 da-
tasets (Figures S3A and S3B).

Both scQuint and SCASL are annotation-free splicing
methods that identify splicing events based on shared splice
sites. Specifically, scQuint measures the usage of each junction
by comparing it to other junctions that share the same 3’ splice
site, while SCASL considers junctions that share either the
same 3’ or 5’ splice site. Notably, SCASL detects nearly twice
as many events as scQuint, likely due to its use of both splice
site ends (Figure S2C). Among all evaluated tools, these two
identify a greater number of splicing events while maintaining
lower proportions of missing values (Figures S2C-S2E). Given
the large variation in the number of detected splicing events
across different methods, we retained the top 5,000 events
with the lowest missing value ratios to mitigate the impact of
varying event counts across methods. scQuint and SCASL ex-
hibited substantially fewer missing values compared to other
methods (Figure S2E), indicating their ability to produce dense,
high-coverage splicing matrices with consistent event detection
across a wide range of cells. In comparison, BRIE2 detected the
fewest events (Figure S2C), and SpliZ had the highest missing
value ratio (Figure S2E). Overall, scQuint outperformed SCASL
and the other methods in distinguishing cell types and achieving
accurate cell classification, performing best in our benchmarking
analysis. Additionally, the splicing-based features from these
methods reliably capture biological heterogeneity at the cell-
type level.

Performance evaluation of DASE detection

To systematically evaluate the performance of methods for
detecting DASEs in scRNA-seq data, we used real scRNA-seq
datasets from experimental studies, enabling performance
assessment under realistic biological and technical conditions.
Matched bulk and scRNA-seq datasets from the same purified
cell populations were used to provide a reliable ground truth
for benchmarking (Figure 2C). These datasets, generated in the
same laboratory using consistent protocols, were profiled in par-
allel on biologically matched samples. Through an extensive

iScience

literature search, we identified five “gold standard” datasets
that met these criteria and were selected for benchmarking.

scQuint identified the largest number of DASEs in both the
Trapnell et al., 2014 and Aleksandra et al., 2015 datasets, and
ranked second in the Song et al., 2017 dataset, narrowly behind
SCASL (Figure 3A). To compare the results across methods, we
examined the overlap of DASEs at the gene level (Figure 3B).
scQuint and SCASL identified the fewest number of unique
genes (67 and 19, respectively), while SpliZ detected the most
(109). The total number of splicing events detected by single-
cell and bulk RNA-seq methods is shown in Figures S4A and
S4D. We next evaluated each method’s performance of DASE
detection by measuring the concordance between scRNA-seq
and matched bulk RNA-seq results, quantified by the AUCC.
Notably, scQuint achieved significantly higher AUCCs at both
the event and gene levels compared to other methods
(Figures 3C and 3D), indicating higher accuracy in detecting
DASEs from single-cell data. Similar trends were observed
when considering the top 100 events or genes (Figures S4E
and S4F).

Beyond the concordance-based evaluation, we assessed
each method’s sensitivity by testing its ability to recover known
splicing events validated in Song et al.,, 2017, which served
as an experimentally grounded benchmark. We evaluated
whether these validated events were ranked among the top
500 DASEs identified by each method (Figure 3E). scQuint suc-
cessfully recovered all nine validated events within its top 112
ranked DASEs, while SCASL did so within its top 291. In
contrast, BRIE2, SpliZ, and MARVEL recovered only 5, 7, and
7 of the validated events, respectively, within their top 500
predictions.

To evaluate the functional relevance of identified DASEs, we
performed GO enrichment analysis using two representative da-
tasets. In the Trapnell et al., 2014 dataset (72-h low-serum-
induced myoblast differentiation), DASEs identified by each
method were enriched in 14 pathways related to mature myocyte
function, including muscle contraction, actin filament organiza-
tion or depolymerization, and sarcomere organization (Figure 3F).
In the Song et al., 2017 dataset, which compares motor neurons
(MNs) and induced pluripotent stem cells (iPSCs), enriched path-
ways included cell cycle regulation, chromatin remodeling,
microtubule dynamics, DNA replication, and RNA processing
(Figure S4G). These results suggest that DAS is tightly linked to

Figure 3. Performance of DASE detection

(A) Bar plots showing the number of significant DASEs identified by each method, with adjusted p value <0.05.

(B) Upset plot showing overlaps among the top 200 ranked splicing events for each method (Song et al., 2017 dataset). Ranking was based on statistical sig-
nificance without applying adjusted p value thresholds.

(C and D) AUCC for the top 200 ranked splicing events per method, evaluated at the event level (C) and gene level (D) across matched bulk and single-cell
datasets. Boxplots show median (center line), interquartile range (box), and 1.5x IQR (whiskers). Points represent individual datasets.

(E) Cumulative recall curves showing the recovery of nine experimentally validated differential splicing events by each method. The top 500 differential splicing
events per method were ranked by statistical significance (x axis: rank 1-500; y axis: cumulative true positives). Methods that recover all validated events with
fewer top-ranked predictions demonstrate stronger early recall. Validated events were sourced from Song et al., 2017.

(F) GO enrichment analysis based on the top 200 ranked splicing events per method. Each bubble represents a GO term enrichment result, with the size indicating
enrichment significance (—logo p value) and color intensity representing the gene ratio. Analysis was based on the 72-h serum-induced myoblast differentiation
from the Trapnell et al., 2014 dataset.

(G-1) Sashimi plots showing example alternative splicing events for DCTN1 (G), DGUOK (H), and NOP56 (1) from Song et al. 2017. For each gene, splicing patterns
are visualized in MNs and iPSCs conditions. Bulk RNA-seq data (top) and single-cell RNA-seq data (bottom) are shown for comparison. Sashimi plots were
generated directly from BAM files to visualize splicing patterns, and the displayed events were detected by both rMATS and LeafCutter.
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the core biological functions of distinct cell types. Regarding the
number of functionally enriched pathways, MARVEL showed
the broadest coverage, followed by scQuint and SplizZ, while
BRIE2 and SCASL identified relatively fewer. With respect to
concordance with known cell-type-specific functions, scQuint
showed the highest functional relevance, followed by MARVEL,
while SpliZ, BRIE2, and SCASL were less functionally aligned
(Figures 3F and S4G).

Sashimi plots were used to visualize the dynamics of AS
during the differentiation of iPSCs into MNs. The results demon-
strate that the trends in AS events identified through both
scRNA-seq and bulk RNA-seq were largely consistent
(Figures 3G-3l). Exon skipping and inclusion were the most com-
mon forms of AS observed. Specifically, during iPSC differentia-
tion, we noted a significant increase in the inclusion of exon 27 of
the DCTNT1 gene (Figure 3G). DCTN1 encodes p150 Glued, the
largest subunit of the dynactin complex, which is involved in
intracellular cargo transport and neurite outgrowth by directly
binding to microtubules and cytoplasmic dynein. Mutations in
DCTNT1 are associated with MN diseases, such as amyotrophic
lateral sclerosis (ALS) and spinal and bulbar muscular atrophy
(SBMA).*® Studies have shown that AS enables DCTN7 to
encode over 10 protein isoforms with varying microtubule-bind-
ing capabilities.>” Notably, full-length isoforms of DCTN1 are
specific to mature neurons, where they contribute to microtubule
stability during the formation of neurite protrusions,®® which
aligns with our findings.

Similarly, DGUOK, which encodes deoxyguanosine kinase
responsible for purine deoxyribonucleoside phosphorylation
in the mitochondrial matrix, underwent significant splicing
changes during iPSC differentiation into MNs. DGUOK muta-
tions have been shown to impair mitochondrial DNA synthesis
in neurons, disrupting mitochondrial homeostasis.*° In our
analysis, we observed that DGUOK shifted from multi-exon-
skipping transcripts to full-length transcripts during differentia-
tion, regardless of whether scRNA-seq or bulk RNA-seq data
were used (Figure 3H). Although the precise functional differ-
ences between these isoforms remain unclear, this transition
could be related to mitochondrial morphological remodeling
and changes in energy metabolism during differentiation.*°
Moreover, when analyzing alternative 3’ splice site (A3SS)
events, scRNA-seq analysis demonstrated the ability to match
the results of bulk RNA-seq, further supporting the utility of
scRNA-seq in capturing AS events at single-cell resolution
(Figure 3I).

iScience

Exploring biological insights through single-cell AS
analysis

Next, we investigated whether single-cell AS analysis using
scQuint could provide biological insights. We selected two data-
sets for this purpose: the Camp et al. 2017 dataset, which
captures the hepatic differentiation lineage under 2D culture
conditions, including iPSCs, definitive endoderm (DE), hepatic
endoderm (HE), immature hepatoblast-like cells (IH), and mature
hepatocyte-like cells (MH). The Zhang et al. 2019 dataset in-
cludes five common leukocyte types: CD4* T cells, CD8"
T cells, natural Killer cells, mo novelcytes, and macrophages.
The scQuint BCI scores for these datasets were 0.85 and 0.63,
respectively (Figures 2D and S3B).

The heatmap demonstrated that each cell type displayed
characteristic AS profiles throughout iPSC differentiation into he-
patocytes (Figure 4A). In the undifferentiated state, iPSC-spe-
cific AS events were related to microtubule nucleation, DNA
methylation, cell adhesion, nuclear migration, and other path-
ways, indicating that AS is involved in stem cell stem mainte-
nance. In the DE and HE intermediate stages of differentiation,
AS was mainly related to mitochondrial and cell death pathways,
indicating that AS in this period was involved in energy supply
and clearance of undifferentiated cells. At the end of differentia-
tion, AS events were significantly enriched in pathways related to
cell junction assembly, supramolecular fiber organization, tri-
glyceride biosynthesis, cell adhesion, cell migration, and other
processes, reflecting the characteristic functions of mature he-
patocytes, such as barrier formation, secretory function, and
lipid metabolism (Figure 4A). Moreover, the AS of most function-
ally relevant genes in mature hepatocytes was significantly
altered at the end of differentiation (Figure S5A). We compared
the changes in AS and gene expression of several representative
genes during hepatocyte differentiation and found a weak corre-
lation between the two, suggesting that AS operates indepen-
dently of gene expression (Figure 4B).

ESRP1 encodes an RNA-binding protein (RBP) that is involved
in maintaining the epithelial phenotype of hepatocytes' through
AS. It has been shown that ESRP1 can regulate its own AS, a
phenomenon commonly observed in RBPs.*>** The ESRP1
alternative intron is located in the 3UTR region of the gene, and
its PSI changes from ~40% before differentiation to ~70% at
the end of differentiation, suggesting that this event may be
involved in regulating the RNA stability (Figures 4B and S5A).
ITGB1BP1 encode the integrin subunit p1-binding protein, which
regulates hepatocyte adhesion and migration by modulating the

Figure 4. Single-cell resolution analysis of DASEs reveals cell-type-specific splicing programs with functional relevance
(A) Heatmap of the top 100 cell-type-specific DASEs (adjusted p < 0.05, Aintron PSI >0.15) from the Camp et al., 2017 dataset, with enriched GO terms displayed

on the right.

(B) PSI values of selected DASEs projected onto a force-directed embedding of the iPSC differentiation trajectory (Camp et al., 2017). Left: cell states. Top-right

and bottom-right: PSI values and corresponding gene expression levels.

(C) Heatmap showing the top 100 cell-type-specific DASEs (adjusted p < 0.05, Aintron PSI >0.15), with enriched GO terms shown on the right. Cell types with
fewer than 100 cells were excluded. Analysis is based on the Zhang et al. 2019 dataset.
(D) PSI values of selected DASEs projected onto a UMAP embedding of cell clusters (Zhang et al., 2019). Left: cell identity. Top-right and bottom-right: PSI values

and corresponding gene expression levels.

(E) Force-directed layout of CD4* and CD8* T cell subtypes from the Zhang et al., 2019 dataset, including all donors.
(F) PSI values of the PTPRC intron 3-5 across CD4* and CD8* T cell subtypes in the Zhang et al., 2019 dataset, including all donors.
(G) Mean PSI values of PTPRC intron 3-5 across T cell subtypes, ordered from naive to activated states.
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Figure 5. Computational resources consumed by the six methods

(A and B) Computational time (A) and memory usage (B) of six methods for generating processed alternative splicing profiles across datasets with varying cell

numbers.

p1 integrin signaling pathway.** The mean PSI of introns 5-6 of
ITGB1BP1 is approximately 40% in iPSCs and decreases to
0 (indicating an increase in full-length isoforms) as differentiation
progresses (Figures 4B and S5A).

Notably, intron 24-25 of FN7 and intron 15 of SEC31A are spe-
cific to mature hepatocytes (Figures 4B and S5A). FN1-encoded
fibronectin is an extracellular matrix protein involved in various
signaling transductions. Synthesized by hepatocytes, fibro-
nectin enters the bloodstream in a soluble form and contributes
to clotting. Fibronectin has three alternative regions and theoret-
ically can produce up to 20 isoforms.*® The FN1 E25 encodes a
complete type lll domain, which is known as extra domains B +
(EDB+). Studies have confirmed that both EDB+ and EDB— iso-
forms of fibronectin exist in cells, but they activate distinct
signaling pathways, resulting in different cellular outcomes.*>**®
Our study found that during iPSC differentiation, the conversion
of FN1 from EDB+ to EDB— occurs, which may contribute to
functional specialization in hepatocytes (Figure 4B). SEC31A, a
component of COPII coated vesicle, plays a crucial role in the
formation and budding of endoplasmic reticulum vesicles.
Studies have shown that SEC31A AS forms different isoforms
that regulate the secretion of large and small cargo in the cell
through lipid transport.*” Our analysis revealed that that inclu-
sion of intron 15 in SEC37A increases during differentiation
into IH and MH, suggesting its involvement in enhanced lipid
metabolism and active secretion in hepatocytes (Figure 4B).

In addition to hepatocyte differentiation, we observed cell
type-specific AS patterns across five leukocyte subtypes
(Figure 4C). These splicing events are closely associated with
cell lineage. CD4 and CD8 cells originate from T cell precursors,
while both T cell precursors and NK cells derive from the com-
mon lymphoid progenitor. Macrophages differentiate from
monocytes, which both originate from myeloid precursor cells.
Our analysis revealed that AS patterns are more similar among
closely related cell types (Figure 4C). GO analysis revealed
significant enrichment of pathways related to actin or stress
fiber assembly in four cell types: CD4, CD8, NK cells, and

macrophages. These findings suggest a potential role for AS in
immune cell activation and migration (Figure 4C). Other GO path-
ways identified are also closely related to the core functions
of immune cells. For example, positive regulation of GTPase ac-
tivity pathway facilitates the transport and anchoring of lyso-
some-associated cytotoxic granules by reorganizing the actin
cytoskeleton, enabling their polarization toward the target cell
contact site.*® Moreover, monocytes can directly kill pathogens
by releasing proteases, myeloperoxidase, and antimicrobial
peptides through the neutrophil degranulation pathway.*°

We showed highly cell type-specific AS events in leukocytes
(Figure S5B), with AS in representative genes showing weak cor-
relation with expression levels (Figure 4D). The FYB gene encodes
aT cell receptor (TCR) signal'® transduction adaptor protein, and
phosphorylation in its N-terminal regulatory domain is required for
binding and activating RhoA GTPase.**°' PS| of FYBintron 1 was
10% in myeloid cells, but reached 83% and 71% in NK and CD8
cells, respectively (Figure 4D). Although the role of intron 1 in the
N-terminal coding of FYB remains unclear, this event may repre-
sent a new pathway in cellular immune activation. SH3KBP1,
which encodes CIN85, is lowly expressed in all leukocytes but ex-
hibits significant AS in lymphocytes (Figure 4D). CIN85 functions
as a key adaptor in TCR downstream signaling, and loss of
SH3KBP1 has been shown to result in excessive T cell prolifera-
tion and activation.®® Although SH3KBP1 is known to generate
multiple isoforms through AS,*® the specific roles of these iso-
forms in lymphocytes remain to be elucidated.

Another example is the FGR gene, a tyrosine kinase of the Src
family required for NK cell activation through interaction with the
adaptor protein MIST.>* FGR is highly expressed in monocytes,
but its high PSI of intron 1 is almost exclusive to NK cells
(Figure 4D). The seven FGR isoforms, which differ in 5UTRs,
encode the same protein,®® and the mechanism and function
of NK-specific splicing at intron 1 remain unclear.

PTPRC encodes CD45 transmembrane protein tyrosine phos-
phatase, which is a pan-leukocyte marker. We observed that
PTPRC was expressed across all leukocyte types, with slightly
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lower expression in macrophages. In NK cells, the PSI of PTPRC
intron 3-5 was low, while it was elevated in CD4 and CD8 T cells,
suggesting that the exon 3-5 skipped isoform is predominant in
T cells (Figure 4D). Previous studies have shown that the full-
length PTPRC isoform is characteristic of naive T cells, and the
4-6 skipped isoform is preferentially expressed in activated
and memory T cells.”® We further analyzed the PSI of PTPRC
intron 3-5 in T cell subtypes (Figure S5C). Consistent with previ-
ous reports, the PSI values of PTPRC intron 3-5 increased from
naive T cells to activated T cells, especially in CD4 T cells
(Figures S5D and S5E). Given the high heterogeneity of tumors,
we extended our analysis to all donors in the Zhang et al. 2019
dataset, observing the same trend of transition from the skipped
isoform to the full-length isoform, with a clear progression from
naive to activated T cells (Figures 4E-4G). Notably, a separate
study that sequenced PBMCs from healthy individuals using
the 10x Genomics 5’ v.2 RNA-seq method also reported similar
PTPRC splicing dynamics in T cell subtypes.'®

Computational resource evaluation

Next, we evaluated the runtime and memory usage of the six AS
analysis methods. To do so, we randomly sampled 100, 500,
1000, 2000, and 3000 cells and assessed computational perfor-
mance on each subset. We found that scQuint and Psix com-
pleted processing 3000 cells within a few minutes (Figure 5A).
In contrast, SCASL required over 3.8 h, BRIE2 took 53 h, and
SpliZ required approximately 16 days to complete the same
task. In terms of peak memory usage, BRIE2, scQuint, and
Psix used approximately 1 GB of peak memory for 100 cells,
increasing to around 9 GB for 3,000 cells (Figure 5B). In compar-
ison, MARVEL required ~30 GB at 3000 cells, while SpliZ and
SCASL used 124 GB and 169 GB, respectively. Overall, scQuint
demonstrated high scalability, with low computational cost in
both time and memory, making it particularly suitable for large-
scale single-cell AS analysis.

Beyond scalability, we further examined the effect of input
feature selection on clustering performance. Unlike conventional
scRNA-seq clustering, which typically selects highly variable
genes, scQuint achieved optimal performance across datasets
when using all detected splicing events as input (Figure SED).
A similar trend was observed for other methods (Figures S6A
and S6C), where including all events consistently improved clus-
tering outcomes. To assess the parameter robustness of clus-
tering performance with respect to parameter selection, we
further summarized BCI scores across all tested parameter com-
binations for each method. As shown in Figure S6B, scQuint and
Psix exhibited relatively limited variation in BCI scores across
different parameter settings, whereas SCASL showed substan-
tially larger variability, with markedly reduced performance under
certain configurations. Notably, even under less favorable
parameter choices, scQuint maintained comparatively strong
clustering performance, indicating a robust lower performance
bound when parameters are not optimally tuned.

DISCUSSION

Due to the limitations of single-cell data, such as sparsity,
research on AS at the single-cell level remains limited. Although
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several single-cell AS methods have been developed, a system-
atic evaluation of their performance has been lacking. In this
study, we conducted the first comprehensive benchmarking of
these methods using real single-cell datasets as ground truth,
covering multiple tissues from both human and mouse. We
found that scQuint consistently outperformed other methods in
both cell subtype identification and DASE detection.

Using scQuint to analyze single-cell datasets from iPSC differ-
entiation and tumor-infiltrating immune cells, we identified
numerous cell-type-specific AS events. During hepatocyte dif-
ferentiation, AS patterns exhibited dynamic transitions that
closely aligned with functional specialization. Early stages were
enriched in pathways related to microtubule nucleation and
DNA methylation, while late stages showed enrichment in path-
ways related to cell junction organization and lipid metabolism.
This is consistent with previous studies showing that liver remod-
eling after birth involves extensive post-transcriptional regulation
that is both cell-type specific and temporally coordinated.®” In
immune cells, we further identified the splicing dynamics of
PTPRC during T cell activation, a process that bulk RNA-seq
cannot resolve at the cell-type level.*®°° Together, our results
fill an important gap in the evaluation of single-cell AS methods
and demonstrate their utility in uncovering biologically meaning-
ful splicing variation at cellular resolution.

For cell clustering using single cell AS profiles, annotation-free
methods, such as scQuint and SCASL, have demonstrated su-
perior performance in our analysis. These methods can detect
all types of AS events, unlike BRIE2, which is limited to detecting
only SE events,?® and they are also capable of discovering novel
events. Specifically, scQuint utilizes the output from STARsolo,
which performs a unified alignment across all samples using
two-pass mode. In the first pass, splice sites detected across
all samples are recorded and then used as reference information
in the second pass.®° This unified alignment approach is likely to
improve the accuracy of detecting both known and novel splice
sites, providing a more comprehensive and consistent splice site
annotation compared to methods like SpliZ and SCASL, which
rely on separate alignments for each sample. In addition,
scQuint’s intron-centric and annotation-free design focuses on
relative intron usage within genes, which may mitigate the
impact of dropout-driven sparsity in single-cell RNA-seq data
and contribute to robust performance across datasets with vary-
ing sequencing depth. This is consistent with previous studies
showing that incorporating intronic reads alleviates sparsity in
both gene-level and splicing analyses.®’ For DASE detection,
scQuint consistently outperformed the other methods. In
contrast, SCASL’s performance was compromised by redun-
dancy in detecting both 5’ and 3’ splice events, as well as its
inability to group events sharing the same 5’ or 3’ splice sites
for comparison, leading to reduced accuracy.

Although scQuint demonstrates superior performance in both
cell subtype identification and DASE detection, it also has certain
limitations. First, this study benchmarks methods using real
scRNA-seq datasets and biologically motivated tasks, empha-
sizing practical utility and biological relevance rather than perfor-
mance under controlled simulation settings. In addition, scQuint
cannot distinguish between different types of splicing events,
such as SE, A3SS, and alternative 5’ splice sites. Moreover,
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splicing events that share the same 3’ end is grouped together,
which may obscure the contributions of individual events. For
accurate interpretation, Sashimi plots are often necessary to
visualize splicing patterns in detail. Clustering performance in
this study is evaluated using the BCI score, which quantifies
concordance between splicing-based clusters and existing
cell-type annotations derived from gene expression-based ana-
lyses. As such, this concordance-based evaluation is inherently
conservative and may give lower scores when splicing-based
clustering patterns differ from gene expression-derived cell-
type labels. For the Tasic et al. dataset, we randomly selected
a subset of cell types. Although different selections may affect
cell-type separability and thus influence clustering results, we
observe consistent trends across five independent datasets
(Figure S2B), with top-performing methods maintaining their
advantage. Notably, most existing single-cell AS analysis
methods are designed for full-length scRNA-seq data, particu-
larly from Smart-seq protocols. Accordingly, our benchmarking
was also conducted on Smart-seq datasets, and the conclu-
sions of this study should be interpreted within this experimental
scope. However, the majority of currently available scRNA-seq
data are generated using 10x Genomics 3'-end protocols. Due
to their strong 3’ read bias and relatively low sequencing depth,
10x datasets are generally considered suboptimal for splicing
analysis.?”°® In the future, developing new approaches that
can robustly infer splicing events from such data, for example
by leveraging deep learning or cross-platform transfer learning,
will be an important avenue to enable large-scale single-cell
splicing studies across diverse platforms.

Limitations of the study

Our benchmarking focuses on full-length scRNA-seq datasets
generated using Smart-seg-based protocols, which are
currently the primary data type supported by most single-cell
AS analysis methods. Consequently, the performance of these
approaches on droplet-based platforms such as 10x Genomics
is not evaluated in this study. In addition, clustering performance
was assessed using the BCl score, a concordance-based metric
that emphasizes agreement with existing cell-type annotations
derived from gene expression. While this provides a standard-
ized and practical framework for comparison, it may underesti-
mate scenarios in which AS captures biologically meaningful
cell populations that are not well represented by expression-
based annotations.

RESOURCE AVAILABILITY

Lead contact
Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Quanlong Jiang (jiangquanlong@163.com).

Materials availability
This study did not generate new unique reagents.

Data and code availability
o Data: All datasets analyzed in this study are publicly available from the
original publications and repositories. Accession numbers are listed in
the key resources table.

¢? CellPress

OPEN ACCESS

@ Code: All original code used in this study is publicly available at GitHub:
https://github.com/QuanlongJiang/scAS_Benchmarking. The reposi-
tory is listed in the key resources table.

@ Other items: Any additional information required to reanalyze the data
reported in this paper is available from the lead contact upon request.

ACKNOWLEDGMENTS

This study was supported by grants from the Jiangsu Provincial Medical Key
Discipline (Laboratory) Cultivation Unit (JSDW202249) and the Young and Mid-
dle-aged Academic Leaders of Jiangsu Qing-Lan Project (2024) to G.L., the
Nantong Science and Technology Program (no. JC2024024) to J.S., and the
Natural Science Foundation of Nantong City (JC2023114) to D.Z. We also
thank Yagiang Cao for helpful suggestions.

AUTHOR CONTRIBUTIONS

J.S. and Q.J. conceived the project. J.S. and Q.J. designed the framework and
performed data analysis. J.S. and Q.J. wrote the manuscript with input from all
authors. G.L. and L.X. helped collect the data. D.Z. contributed to manuscript
revision. All authors read and approved the final manuscript.

DECLARATION OF INTERESTS

The authors declare no competing interests.

STARxMETHODS

Detailed methods are provided in the online version of this paper and include
the following:

o KEY RESOURCES TABLE
® EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
e METHOD DETAILS
o Ground-truth datasets
o Raw data processing
o Parameter settings for single-cell AS analysis methods
o Parameter settings for bulk AS methods
o Single-cell dimensionality reduction using alternative splicing
events
® QUANTIFICATION AND STATISTICAL ANALYSIS
o Benchmark metrics
o Concordance analysis between single-cell and bulk DASE results
o Cumulative recall benchmarking for experimentally validated events
o Scalability analysis

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.isci.
2026.116090.

Received: November 19, 2025
Revised: January 20, 2026
Accepted: May 7, 2026

REFERENCES

1. Wang, E.T., Sandberg, R., Luo, S., Khrebtukova, I., Zhang, L., Mayr, C.,
Kingsmore, S.F., Schroth, G.P., and Burge, C.B. (2008). Alternative iso-
form regulation in human tissue transcriptomes. Nature 456, 470-476.

2. Marasco, L.E., and Kornblihtt, A.R. (2023). The physiology of alternative
splicing. Nat. Rev. Mol. Cell Biol. 24, 242-254.

3. Baralle, F.E., and Giudice, J. (2017). Alternative splicing as a regulator of
development and tissue identity. Nat. Rev. Mol. Cell Biol. 18, 437-451.

iScience 29, 116090, June 19, 2026 11



mailto:jiangquanlong@163.com
https://github.com/QuanlongJiang/scAS_Benchmarking
https://doi.org/10.1016/j.isci.2026.116090
https://doi.org/10.1016/j.isci.2026.116090
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref1
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref1
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref1
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref2
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref2
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref3
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref3

¢ CellPress

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

12

OPEN ACCESS

. Zhang, Y., Qian, J., Gu, C., and Yang, Y. (2021). Alternative splicing and

cancer: a systematic review. Signal Transduct. Targeted Ther. 6, 78.

. Nikom, D., and Zheng, S. (2023). Alternative splicing in neurodegenerative

disease and the promise of RNA therapies. Nat. Rev. Neurosci. 24,
457-473.

. Ren, P, Lu, L., Cai, S., Chen, J., Lin, W., and Han, F. (2021). Alternative

Splicing: A New Cause and Potential Therapeutic Target in Autoimmune
Disease. Front. Immunol. 72, 713540.

. Androsavich, J.R. (2024). Frameworks for transformational breakthroughs

in RNA-based medicines. Nat. Rev. Drug Discov. 23, 421-444.

. Qiu, J., Wu, L., Qu, R, Jiang, T., Bai, J., Sheng, L., Feng, P., and Sun, J.

(2022). History of development of the life-saving drug “Nusinersen” in spi-
nal muscular atrophy. Front. Cell. Neurosci. 16, 942976.

. Mazin, P.V., Khaitovich, P., Cardoso-Moreira, M., and Kaessmann, H.

(2021). Alternative splicing during mammalian organ development. Nat.
Genet. 53, 925-934.

Xia, B., Shen, J., Zhang, H., Chen, S., Zhang, X., Song, M., and Wang, J.
(2024). The alternative splicing landscape of infarcted mouse heart iden-
tifies isoform level therapeutic targets. Sci. Data 77, 1154.

Qiu, J., Wu, L., Chang, Y., Sun, H., and Sun, J. (2021). Alternative splicing
transitions associate with emerging atrophy phenotype during denerva-
tion-induced skeletal muscle atrophy. J. Cell. Physiol. 236, 4496-4514.

Lin, K.T., Ma, W.K., Scharner, J., Liu, Y.R., and Krainer, A.R. (2018). A hu-
man-specific switch of alternatively spliced AFMID isoforms contributes to
TP53 mutations and tumor recurrence in hepatocellular carcinoma.
Genome Res. 28, 275-284.

Ramskdld, D., Luo, S., Wang, Y.C., Li, R., Deng, Q., Faridani, O.R., Dan-
iels, G.A., Khrebtukova, I., Loring, J.F., Laurent, L.C., et al. (2012). Full-
length MRNA-Seq from single-cell levels of RNA and individual circulating
tumor cells. Nat. Biotechnol. 30, 777-782.

Picelli, S., Bjorklund, A.K., Faridani, O.R., Sagasser, S., Winberg, G., and
Sandberg, R. (2013). Smart-seq2 for sensitive full-length transcriptome
profiling in single cells. Nat. Methods 70, 1096-1098.
Hagemann-Jensen, M., Ziegenhain, C., Chen, P., Ramskdld, D., Hendriks,
G.J., Larsson, A.J.M., Faridani, O.R., and Sandberg, R. (2020). Single-cell
RNA counting at allele and isoform resolution using Smart-seg3. Nat. Bio-
technol. 38, 708-714.

Ziegenhain, C., Vieth, B., Parekh, S., Reinius, B., Guillaumet-Adkins, A.,
Smets, M., Leonhardt, H., Heyn, H., Hellmann, I., and Enard, W. (2017).
Comparative Analysis of Single-Cell RNA Sequencing Methods. Mol.
Cell 65, 631-643.e4.

Kumari, P., Kaur, M., Dindhoria, K., Ashford, B., Amarasinghe, S.L., and
Thind, A.S. (2024). Advances in long-read single-cell transcriptomics.
Hum. Genet. 143, 1005-1020.

Feng, H., Moakley, D.F., Chen, S., McKenzie, M.G., Menon, V., and Zhang,
C. (2021). Complexity and graded regulation of neuronal cell-type-specific
alternative splicing revealed by single-cell RNA sequencing. USA 118,
€2013056118.

Tian, C., Zhang, Y., Tong, Y., Kock, K.H., Sim, D.Y., Liu, F., Dong, J., Jing,
Z.,Wang, W., Gao, J., et al. (2024). Single-cell RNA sequencing of periph-
eral blood links cell-type-specific regulation of splicing to autoimmune and
inflammatory diseases. Nat. Genet. 56, 2739-2752.

Song, Y., Botvinnik, O.B., Lovci, M.T., Kakaradov, B., Liu, P., Xu, J.L., and
Yeo, G.W. (2017). Single-Cell Alternative Splicing Analysis with Expedition
Reveals Splicing Dynamics during Neuron Differentiation. Mol. Cell 67,
148-161.e5.

Wang, J., Wen, S., Chen, M., Xie, J., Lou, X., Zhao, H., Chen, Y., Zhao, M.,
and Shi, G. (2024). Regulation of endocrine cell alternative splicing re-
vealed by single-cell RNA sequencing in type 2 diabetes pathogenesis.
Commun. Biol. 7, 778.

Westoby, J., Artemov, P., Hemberg, M., and Ferguson-Smith, A. (2020).
Obstacles to detecting isoforms using full-length scRNA-seq data.
Genome Biol. 27, 74.

iScience 29, 116090, June 19, 2026

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

iScience
Article

Arzalluz-Luque, A., and Conesa, A. (2018). Single-cell RNAseq for the
study of isoforms-how is that possible? Genome Biol. 79, 110.

Buen Abad Najar, C.F., Yosef, N., and Lareau, L.F. (2020). Coverage-
dependent bias creates the appearance of binary splicing in single cells.
elLife 9, e54603.

Huang, Y., and Sanguinetti, G. (2021). BRIE2: computational identification
of splicing phenotypes from single-cell transcriptomic experiments.
Genome Biol. 22, 251.

Benegas, G., Fischer, J., and Song, Y.S. (2022). Robust and annotation-
free analysis of alternative splicing across diverse cell types in mice. eLife
11, e73520.

Xiang, X., He, Y., Zhang, Z., and Yang, X. (2024). Interrogations of single-
cell RNA splicing landscapes with SCASL define new cell identities with
physiological relevance. Nat. Commun. 15, 2164.

Wen, W.X., Mead, A.J., and Thongjuea, S. (2023). MARVEL: an integrated
alternative splicing analysis platform for single-cell RNA sequencing data.
Nucleic Acids Res. 57, e29.

Buen Abad Najar, C.F., Burra, P., Yosef, N., and Lareau, L.F. (2022). Iden-
tifying cell state-associated alternative splicing events and their coregula-
tion. Genome Res. 32, 1385-1397.

Olivieri, J.E., Dehghannasiri, R., and Salzman, J. (2022). The SpliZ gener-
alizes 'percent spliced in’ to reveal regulated splicing at single-cell resolu-
tion. Nat. Methods 79, 307-310.

Zhang, Q., He, Y., Luo, N., Patel, S.J., Han, Y., Gao, R., Modak, M., Car-
otta, S., Haslinger, C., Kind, D., et al. (2019). Landscape and Dynamics
of Single Immune Cells in Hepatocellular Carcinoma. Cell 179, 829-
845.e20.

(2020). A single-cell transcriptomic atlas characterizes ageing tissues in
the mouse. Nature 583, 590-595.

Tasic, B., Yao, Z., Graybuck, L.T., Smith, K.A., Nguyen, T.N., Bertagnolli,
D., Goldy, J., Garren, E., Economo, M.N., Viswanathan, S., et al. (2018).
Shared and distinct transcriptomic cell types across neocortical areas.
Nature 563, 72-78.

Soneson, C., and Robinson, M.D. (2018). Bias, robustness and scalability
in single-cell differential expression analysis. Nat. Methods 15, 255-261.

Squair, J.W., Gautier, M., Kathe, C., Anderson, M.A., James, N.D., Hutson,
T.H., Hudelle, R., Qaiser, T., Matson, K.J.E., Barraud, Q., et al. (2021). Con-
fronting false discoveries in single-cell differential expression. Nat. Com-
mun. 72, 5692.

Konno, T., Ross, O.A., Teive, H.A.G., Stawek, J., Dickson, D.W., and
Wszolek, Z.K. (2017). DCTN1-related neurodegeneration: Perry syndrome
and beyond. Parkinsonism Relat. Disorders 47, 14-24.

Waterman-Storer, C.M., Karki, S., and Holzbaur, E.L. (1995). The
p150Glued component of the dynactin complex binds to both microtu-
bules and the actin-related protein centractin (Arp-1). USA 92, 1634-1638.

Lazarus, J.E., Moughamian, A.J., Tokito, M.K., and Holzbaur, E.L.F.
(2013). Dynactin subunit p150(Glued) is a neuron-specific anti-catastro-
phe factor. PLoS Biol. 77, e1001611.

Manini, A., Abati, E., Comi, G.P., Corti, S., and Ronchi, D. (2022). Mito-
chondrial DNA homeostasis impairment and dopaminergic dysfunction:
A trembling balance. Ageing Res. Rev. 76, 101578.

Coelho, P., Féo, L., Mota, S., and Rego, A.C. (2022). Mitochondrial func-
tion and dynamics in neural stem cells and neurogenesis: Implications
for neurodegenerative diseases. Ageing Res. Rev. 80, 101667.

Derham, J.M., and Kalsotra, A. (2023). The discovery, function, and regu-
lation of epithelial splicing regulatory proteins (ESRP) 1 and 2. Biochem.
Soc. Trans. 57, 1097-1109.

Peart, N.J., Hwang, J.Y., Quesnel-Vallieres, M., Sears, M.J., Yang, Y.,
Stoilov, P., Barash, Y., Park, J.W., Lynch, KW., and Carstens, R.P.
(2022). The global Protein-RNA interaction map of ESRP1 defines a
post-transcriptional program that is essential for epithelial cell function. iS-
cience 25, 105205.


http://refhub.elsevier.com/S2589-0042(26)01465-3/sref4
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref4
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref5
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref5
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref5
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref6
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref6
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref6
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref7
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref7
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref8
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref8
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref8
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref9
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref9
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref9
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref10
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref10
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref10
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref11
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref11
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref11
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref12
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref12
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref12
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref12
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref13
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref13
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref13
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref13
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref14
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref14
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref14
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref15
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref15
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref15
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref15
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref16
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref16
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref16
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref16
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref17
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref17
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref17
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref18
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref18
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref18
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref18
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref19
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref19
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref19
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref19
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref20
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref20
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref20
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref20
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref21
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref21
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref21
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref21
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref22
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref22
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref22
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref23
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref23
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref24
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref24
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref24
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref25
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref25
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref25
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref26
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref26
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref26
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref27
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref27
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref27
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref28
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref28
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref28
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref29
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref29
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref29
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref30
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref30
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref30
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref31
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref31
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref31
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref31
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref32
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref32
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref33
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref33
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref33
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref33
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref34
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref34
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref35
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref35
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref35
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref35
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref36
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref36
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref36
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref37
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref37
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref37
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref38
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref38
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref38
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref39
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref39
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref39
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref40
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref40
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref40
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref41
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref41
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref41
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref42
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref42
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref42
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref42
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref42

iScience
Article

43.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54,

55.

Muiller-McNicoll, M., Rossbach, O., Hui, J., and Medenbach, J. (2019).
Auto-regulatory feedback by RNA-binding proteins. J. Mol. Cell Biol. 717,
930-939.

Rahman, S.R., Roper, J.A., Grove, J.I., Aithal, G.P., Pun, K.T., and Bennett,
A.J.(2022). Integrins as a drug target in liver fibrosis. Liver Int. 42, 507-521.

White, E.S., Baralle, F.E., and Muro, A.F. (2008). New insights into form
and function of fibronectin splice variants. J. Pathol. 276, 1-14.

Liu, M., Chen, P., Wei, B., Tan, H.L., Zhao, Y.X,, Ai, L., Li, N., Jiang, Y.K.,
Lin, J., Li, S.J., and Chang, S. (2025). FN1 shapes the behavior of papillary
thyroid carcinoma through alternative splicing of EDB region. Sci. Rep.
15, 327.

Ostwaldt, F., Pl6Bner, S., Dimos-Réhl, B., Preussner, M., and Heyd, F.
(2025). Tissue-specific SEC31A alternative splicing is regulated by
RBM47 and controls lipid transport. RNA 37, 1125-1138.

Ahmad Mokhtar, A.M., Salikin, N.H., Haron, A.S., Amin-Nordin, S., Ha-
shim, .F., Mohd Zaini Makhtar, M., Zulfigar, S.B., and Ismail, N.I. (2022).
RhoG’s Role in T Cell Activation and Function. Front. Immunol. 73, 845064.

Futosi, K., Fodor, S., and Mdcsai, A. (2013). Neutrophil cell surface recep-
tors and their intracellular signal transduction pathways. Int. Immunophar-
macol. 77, 638-650.

Krause, M., Sechi, A.S., Konradt, M., Monner, D., Gertler, F.B., and Weh-
land, J. (2000). Fyn-binding protein (Fyb)/SLP-76-associated protein
(SLAP), Ena/vasodilator-stimulated phosphoprotein (VASP) proteins and
the Arp2/3 complex link T cell receptor (TCR) signaling to the actin cyto-
skeleton. J. Cell Biol. 749, 181-194.

Castafio, J., Solanas, G., Casagolda, D., Raurell, I., Villagrasa, P., Bustelo,
X.R., Garcia de Herreros, A., and Dufiach, M. (2007). Specific phosphory-
lation of p120-catenin regulatory domain differently modulates its binding
to RhoA. Mol. Cell Biol. 27, 1745-1757.

Kong, M.S., Hashimoto-Tane, A., Kawashima, Y., Sakuma, M., Yokosuka,
T., Kometani, K., Onishi, R., Carpino, N., Ohara, O., Kurosaki, T., et al.
(2019). Inhibition of T cell activation and function by the adaptor protein
CIN85. Sci. Signal. 12, eaav4373.

Finniss, S., Movsisyan, A., Billecke, C., Schmidt, M., Randazzo, L., Chen,
B., and Bogler, O. (2004). Studying protein isoforms of the adaptor SETA/
CIN85/Ruk with monoclonal antibodies. Biochem. Biophys. Res. Com-
mun. 325, 174-182.

Sasanuma, H., Tatsuno, A., Hidano, S., Ohshima, K., Matsuzaki, Y., Hay-
ashi, K., Lowell, C.A., Kitamura, D., and Goitsuka, R. (2006). Dual function
for the adaptor MIST in IFN-gamma production by NK and CD4+NKT cells
regulated by the Src kinase Fgr. Blood 107, 3647-3655.

Link, D.C., Gutkind, S.J., Robbins, K.C., and Ley, T.J. (1992). Character-
ization of the 5’ untranslated region of the human c-fgr gene and identifi-
cation of the major myelomonocytic c-fgr promoter. Oncogene 7,
877-884.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

¢ CellPress

OPEN ACCESS

Oberdoerffer, S., Moita, L.F., Neems, D., Freitas, R.P., Hacohen, N., and
Rao, A. (2008). Regulation of CD45 alternative splicing by heterogeneous
ribonucleoprotein, hnRNPLL. Science 327, 686-691.

Bhate, A., Parker, D.J., Bebee, T.W., Ahn, J., Arif, W., Rashan, E.H., Chor-
ghade, S., Chau, A., Lee, J.H., Anakk, S., et al. (2015). ESRP2 controls an
adult splicing programme in hepatocytes to support postnatal liver matu-
ration. Nat. Commun. 6, 8768.

Ergun, A., Doran, G., Costello, J.C., Paik, H.H., Collins, J.J., Mathis, D.,
and Benoist, C.; ImmGen Consortium (2013). Differential splicing across
immune system lineages. USA 170, 14324-14329.

Ner-Gaon, H., Peleg, R., Gazit, R., Reiner-Benaim, A., and Shay, T. (2023).
Mapping the splicing landscape of the human immune system. Front. Im-
munol. 74, 1116392.

Kaminow, B., Yunusov, D., and Dobin, A. (2021). STARsolo: accurate, fast
and versatile mapping/quantification of single-cell and single-nucleus
RNA-seq data. Preprint at bioRxiv. https://doi.org/10.1101/2021.2005.
2005.442755.

Bakken, T.E., Hodge, R.D., Miller, J.A., Yao, Z., Nguyen, T.N., Aevermann,
B., Barkan, E., Bertagnolli, D., Casper, T., Dee, N., et al. (2018). Single-nu-
cleus and single-cell transcriptomes compared in matched cortical cell
types. PLoS One 13, e0209648.

Wang, X., He, Y., Zhang, Q., Ren, X., and Zhang, Z. (2021). Direct Compar-
ative Analyses of 10X Genomics Chromium and Smart-seq2. Genom. Pro-
teom. Bioinform. 19, 253-266.

Hu, Y., Wang, K., and Li, M. (2020). Detecting differential alternative
splicing events in scRNA-seq with or without Unique Molecular Identifiers.
PLoS Comput. Biol. 76, e1007925.

Liu, S., Zhou, B., Wu, L., Sun, Y., Chen, J., and Liu, S. (2021). Single-cell
differential splicing analysis reveals high heterogeneity of liver tumor-infil-
trating T cells. Sci. Rep. 77, 5325.

Tekath, T., and Dugas, M. (2021). Differential transcript usage analysis of
bulk and single-cell RNA-seq data with DTUrtle. Bioinformatics 37,
3781-3787.

Song, Y.C., Chen, M.X., Zhang, K.L., Reddy, A.S.N., Cao, F.L., and Zhu,
F.Y. (2023). QuantAS: a comprehensive pipeline to study alternative
splicing by absolute quantification of splice isoforms. New Phytol. 240,
928-939.

Nip, K.M., Chiu, R., Yang, C., Chu, J., Mohamadi, H., Warren, R.L., and
Birol, I. (2020). RNA-Bloom enables reference-free and reference-guided
sequence assembly for single-cell transcriptomes. Genome Res. 30,
1191-1200.

Welch, J.D., Hu, Y., and Prins, J.F. (2016). Robust detection of alternative
splicing in a population of single cells. Nucleic Acids Res. 44, e73.

Wen, W.X., Mead, A.J., and Thongjuea, S. (2020). VALERIE: Visual-based
inspection of alternative splicing events at single-cell resolution. PLoS
Comput. Biol. 16, e1008195.

iScience 29, 116090, June 19, 2026 13



http://refhub.elsevier.com/S2589-0042(26)01465-3/sref43
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref43
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref43
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref44
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref44
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref45
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref45
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref46
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref46
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref46
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref46
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref47
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref47
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref47
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref48
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref48
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref48
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref49
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref49
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref49
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref50
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref50
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref50
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref50
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref50
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref51
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref51
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref51
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref51
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref52
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref52
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref52
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref52
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref53
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref53
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref53
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref53
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref54
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref54
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref54
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref54
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref55
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref55
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref55
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref55
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref56
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref56
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref56
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref57
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref57
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref57
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref57
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref58
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref58
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref58
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref59
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref59
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref59
https://doi.org/10.1101/2021.2005.2005.442755
https://doi.org/10.1101/2021.2005.2005.442755
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref61
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref61
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref61
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref61
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref62
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref62
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref62
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref63
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref63
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref63
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref64
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref64
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref64
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref65
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref65
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref65
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref66
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref66
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref66
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref66
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref67
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref67
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref67
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref67
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref68
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref68
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref69
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref69
http://refhub.elsevier.com/S2589-0042(26)01465-3/sref69

¢? CellPress

OPEN ACCESS

STARxMETHODS

KEY RESOURCES TABLE

iScience

REAGENT or RESOURCE

SOURCE

IDENTIFIER

Deposited data

Hepatocyte-like lineage
Primary Colorectal Cancer
Kidney

HCC lymphocyte
Neocortical areas

Primary human myoblasts
Motor neuron lineage
Embryonic stem cells

Camp et al., 2017
Wang et al.?
Tabula Muris, 2020

Zhang et al.*’

Tasic et al.*®
Trapnell et al., 2014
Song et al.*°

Aleksandra et al., 2015

GEO: GSE81252

SRA: SRP113436

GEO: GSE132042

HRA: HRA000069

GEO: GSE115746

GEO: GSE52529

GEO: GSE85908
ArrayExpress: E-MTAB-2600

Software and algorithms

scQuint
BRIE2

Psix

Spliz
MARVEL
SCASL
STAR
rMATS-turbo

Benegas et al.”®

Huang and Sanguinetti®

Buen Abad Najar et al.”®
Olivieri et al.*°

Wen et al.?®
Xiang et al.”’
Dobin et al., 2013

Shen et al., 2014

https://github.com/songlab-cal/scquint
https://github.com/huangyh09/brie
https://github.com/lareaulab/psix
https://github.com/salzman-lab/SpliZ
https://wenweixiong.github.io/MARVEL _Plate.html
https://github.com/xryanglab/SCASL
https://github.com/alexdobin/STAR
https://github.com/Xinglab/rmats-turbo

LeafCutter Li et al., 2018
scAS_Benchmarking This paper

https://github.com/davidaknowles/leafcutter

https://github.com/QuanlongdJiang/scAS_
Benchmarking

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study analyzed publicly available datasets from previously published studies involving human and mouse samples. Detailed in-
formation regarding sample sources, sequencing platforms, and accession numbers is provided in the Key Resources Table and
original publications. No new human participants or animal experiments were involved in this study.

Sex information was not consistently available across all publicly available datasets analyzed in this study; therefore, sex-specific
effects were not evaluated.

No cell lines were generated or experimentally maintained in this study.

METHOD DETAILS

Ground-truth datasets

Five scRNA-seq datasets were used for clustering evaluation, including Camp et al. 2017 (iPSC to hepatocyte differentiation), Wang
et al. 2021 (primary colorectal cancer), Tabula Muris 2018 (kidney tissue), Zhang et al. 2019 (HCC-infiltrating lymphocytes from donor
D20170327), and Tasic et al. 2018 (10 randomly selected neocortical cell types, subsampled to reduce computational burden and
ensure comparability across datasets). Five datasets from three studies were used to evaluate the DASE analysis. In the Trapnell
et al., 2014 dataset, skeletal myoblasts differentiated under low-serum conditions for 24, 48, and 72 h were compared to the undif-
ferentiated 0-h state. The Song et al., 2017 dataset compared iPSCs with motor neurons. The Aleksandra et al., 2015 dataset
compared mouse embryonic stem cells cultured in serum versus a2i conditions.

Raw data processing

Adapter trimming was performed on raw FASTQ files using Trimmomatic (v0.39). Reads were aligned to the GRCh38 or GRCm38
reference genome using STAR (v2.7.11b) with -twopassMode Basic and default parameters. For scQuint and Psix, reads from all
single cells were jointly aligned using STARsolo. Other methods performed alignment separately for each single cell using STAR.
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Parameter settings for single-cell AS analysis methods
In our study, we evaluated the performance of 6 methods designed for single-cell RNA splicing. The parameters used for each of
these algorithms were determined as follows.

. BRIE2: We followed the instructions provided on the BRIE2 Website via: https://brie.readthedocs.io/en/latest/index.html.

. scQuint: We followed the instructions provided on the scQuint GitHub repository via: https://github.com/songlab-cal/scquint.

. Psix: We followed the instructions provided on the Psix GitHub repository via: https://github.com/lareaulab/psix

. SpliZ: Input files for SpliZ were generated following the guidelines provided in the SICILIAN GitHub repository via: https://
github.com/salzman-lab/SICILIAN/and SpliZ was executed according to the instructions in the GitHub repository via:
https://github.com/salzman-lab/SpliZ.

5. MARVEL: We followed the guidelines provided on the MARVEL GitHub repository: https://wenweixiong.github.io/MARVEL _

Plate.html.
6. SCASL: We followed the instructions provided on the SCASL GitHub repository via: https://github.com/xryanglab/SCASL

A ON =2

For more detailed usage instructions and analysis scripts used in this study, please refer to our GitHub repository: https://github.
com/QuanlongdJiang/scAS_Benchmarking.

Other methods. We next discuss other papers on this topic and clarify our reasons for not including them in the analysis. We did not
consider methods that detect only group-level DAS by pooling reads from multiple cells without aiming to output high-confidence
single-cell PSI estimates.®® We also excluded methods that calculate junction read counts or transcript abundances without
computing junction usage ratios,**°” require spike-in controls for analysis,®® focus on characterizing splicing modalities,° or are
primarily intended for visualizing splicing patterns.®®

Parameter settings for bulk AS methods
rMATS-turbo v4.3.0 and LeafCutter were used for bulk AS analysis according to their official documentation (https://github.com/
Xinglab/rmats-turbo, https://davidaknowles.github.io/leafcutter/) with default parameters.

Single-cell dimensionality reduction using alternative splicing events

Dimensionality reduction and clustering outcomes can be influenced by parameter choices, which may introduce bias when
comparing methods. To minimize such confounding effects, we evaluated combinations of key parameters, including highly variable
splicing features (top 2000, top 5000 or all events), number of neighbors (10, 15, 20, 30, 40), PCA components (5, 7, 9, 10, 15, 20), and
Leiden clustering resolution (0.6-1.1). For each parameter combination, we calculated the BCl score and identified, for each method,
the parameter set that achieved the highest score. This procedure ensured that all methods were assessed under their respective
optimal yet comparable conditions.

QUANTIFICATION AND STATISTICAL ANALYSIS

Benchmark metrics

Accuracy was calculated as the proportion of correctly predicted cells among all cells. For each cluster, the predicted label was as-
signed as the most frequent true cell type, and all cells within the cluster were assigned this label. ARl and NMI were calculated to
assess the concordance between the predicted labels and the known cell-type annotations. The silhouette score was used as an
unsupervised metric to evaluate the cohesion and separation of clusters based on pairwise distances between cells. To provide
an integrated measure of clustering performance, we calculated the BCI score, defined as the mean of four metrics including accu-
racy, ARI, NMI, and silhouette score.

Concordance analysis between single-cell and bulk DASE results

To assess the agreement between differential splicing detection results from matched single-cell and bulk RNA-seq datasets, we
calculated the AUCC based on the top-ranked events. Events were ranked within each dataset based on the statistical significance
of differential splicing. For increasing values of k (e.g., top 1, top 2, ..., top k events), we computed the overlap between the top-k
event lists from single-cell and bulk analyses. This yielded a concordance curve representing the cumulative number of overlapping
events as k increases. AUCC was obtained by summing the sizes of these intersections and normalizing by the maximum theoretical
overlap, calculated as k x (k + 1) /2. Unless otherwise specified, k was set to 200 or 100.

Cumulative recall benchmarking for experimentally validated events

We manually curated 9 differentially AS events that were experimentally validated by fluorescence in situ hybridization or quantitative
PCR. For each method, the top 500 DASEs ranked by statistical significance were evaluated for their ability to recover these validated
events. Cumulative recall curves were generated, where the x axis (rank 1-500) represents the significance-ranked DASEs and each
increment along the y axis corresponds to an additional validated event recovered. Methods that achieve full recovery using fewer
top-ranked predictions are considered to have better early recall performance.
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Scalability analysis

The scalability analysis was conducted on a supercomputing platform consisting of a CPU computer cluster with one AMD Ryzen
Threadripper 3960X 24-Core Processor (2.2 GHz base frequency, 3.8 GHz max frequency, 16 MB L3 cache and 48 CPU threads),
251 GB of DDR4 memory. In the evaluation of computer resources, we measured the time and memory usage from the mapped files
by STAR to the generation of splicing profile matrices used for downstream analysis. The DAS analysis step was not included, as it
typically completes within a few minutes and consumes minimal memory.
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