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Abstract 

Alternative splicing is a fundamental biological mechanism that increases protein 

diversity and regulates critical cellular processes across eukaryotes. Dysregulation 

of splicing is implicated in a wide range of diseases, including cancer, neurological 

disorders, and autoimmune conditions. Accurate prediction of splicing metrics such 

as percent spliced in (PSI) is therefore essential for understanding splicing regula-

tion and improving disease characterization. However, existing approaches typically 

require high sequencing depth and are thus poorly suited for low-coverage settings 

such as single-cell RNA sequencing, where sparse read counts limit reliable splicing 

analysis. Here, we present ASPIRE (Accurate Splicing Prediction from Limited RNA 

Sequencing), a deep learning framework for predicting alternative splicing metrics 

from low-depth RNA-seq gene expression data. ASPIRE infers PSI values from 

gene expression profiles with limited read coverage and incorporates an embedded 

feature selection mechanism that identifies a minimal, informative subset of genes 

relevant to splicing regulation. This design enables accurate prediction while reducing 

reliance on extensive sequencing and mitigating noise introduced by irrelevant or 

weakly informative genes. By focusing on biologically meaningful features, including 

RNA-binding proteins, ASPIRE maintains strong predictive performance even under 

conditions typical of single-cell transcriptomics. We demonstrate that ASPIRE accu-

rately predicts PSI values across a range of sequencing depths, including those char-

acteristic of single-cell RNA-seq, and performs comparably to or better than existing 

methods in both simulated and real datasets. By enabling robust expression-based 

splicing inference from sparse data, ASPIRE facilitates the study of alternative splic-

ing at cellular resolution and provides a practical framework for investigating splicing 

regulation in development, disease, and heterogeneous cell populations.
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Author summary 

Every cell in our body contains the same genetic blueprint, yet they perform 
vastly different functions. This diversity is partly driven by alternative splicing, a 
process allowing a single gene to produce multiple protein versions by selective-
ly including or excluding genetic coding segments called exons. This mechanism 
expands biological complexity and is crucial for regulating cellular behavior, from 
embryonic development to tissue specialization. To understand these process-
es, scientists must measure splicing at the single-cell level. However, current 
technologies often produce “sparse” data, where many biological details are lost 
because the sequencing depth is too low.
We developed ASPIRE, a deep learning method to overcome these limitations. 
ASPIRE accurately predicts splicing metrics, such as PSI, from gene expression 
profiles even when sequencing data is very limited. Using a “feature selection” 
mechanism, our model identifies a small but critical set of genes that act as 
indicators for the entire splicing process. Our results demonstrate that ASPIRE 
maintains strong predictive performance under challenging single-cell conditions, 
providing reliable expression-based PSI estimates where traditional junction- 
based methods struggle. By making sense of sparse data, ASPIRE offers a 
robust framework for exploring gene regulation, helping researchers characterize 
the molecular diversity that defines complex organisms.

Introduction

Alternative splicing (AS) is a fundamental process in gene expression regulation, 
enabling a single gene to produce multiple protein isoforms [1,2]. This process is cru-
cial in cellular function and organismal complexity, from embryonic development and 
stem cell fate determination to adaptive responses and synaptic plasticity. Dysreg-
ulation of AS has been associated with various diseases, including cancer, where it 
contributes to key aspects of tumor development and progression [3–8].

An accurate analysis of AS is crucial for understanding its role in diseases, cellular 
function, and organismal complexity. Traditionally, bulk RNA sequencing has been 
used to study AS. This method provides high sequencing depth while masking het-
erogeneity among multiple cell types.

Cell-specific splicing events are essential to understanding many physio-
logical states, and bulk RNA sequencing lacks the necessary resolution [9,10]. 
Single-cell RNA sequencing (scRNA-seq) has revolutionized transcriptome anal-
ysis by enabling quantification of gene expression at the single-cell level [11]. 
This approach has uncovered rare cell types and provided insights into cellular 
heterogeneity. However, despite these advantages, scRNA-seq typically yields 
insufficient read depth per cell to capture splicing junctions, thereby limiting its 
ability to accurately analyze AS.

and reproduction in any medium, provided the 
original author and source are credited.

Data availability statement: Bulk RNA-seq 
data from the GTEx project used in this study 
are available through dbGaP under controlled 
access (accession: phs000424.v8.p2). Single-
cell RNA-seq data from the mouse multiple 
sclerosis study analyzed in the BRIE2 publica-
tion were obtained from the Gene Expression 
Omnibus (GEO) under accession number 
GSE113973. Single-cell RNA-seq data from the 
human hiPSC differentiation study examined 
in the MARVEL publication were obtained from 
the European Nucleotide Archive (ENA) under 
accession number PRJEB15062. ASPIRE is 
implemented in Python. The source code is 
publicly available at https://github.com/Rane90/
aspire under the MIT License.

Funding: E.Y.L. was supported by the Israel 
Science Foundation (ISF) grant 2637/23 (isf.
org.il). The funders had no role in study design, 
data collection and analysis, decision to pub-
lish, or preparation of the manuscript.

Competing interests: The authors have 
declared that no competing interests exist.

https://github.com/Rane90/aspire
https://github.com/Rane90/aspire


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014725  August 28, 2026 3 / 28

AS analysis requires sufficient coverage across a gene’s splicing junctions to provide accurate insights. There are 
scRNA-seq approaches, such as Smart-Seq [12], that capture the entire transcript and enable splicing analysis; how-
ever, these methods are costly and, in many cases, do not achieve the coverage required for comprehensive AS anal-
ysis. Other droplet-based scRNA-seq methods, like 10X [13], rely on sequencing tags from the 3’/5’ end of a transcript. 
Although this enables cost-effective quantification of gene expression, it provides limited coverage of the full transcript, 
including critical splice junctions, hindering accurate AS analysis. Furthermore, achieving the same depth as Bulk RNA-
seq, which sequences thousands of cells concurrently, is often prohibitively expensive.

An inherent characteristic of scRNA-seq data is that it yields sparse, high-dimensional gene-expression matrices. The 
sparsity arises from low sequencing depth per cell, with most genes having zero or very few reads. Sparsity poses signif-
icant challenges for AS analysis, as many splicing events may go undetected due to insufficient read coverage. Existing 
computational tools, such as DeepPSI [14], SCATS [15], and BRIE [16], have demonstrated utility in both bulk RNA-seq 
and scRNA-seq data. Yet, their performance deteriorates when applied to the sparse coverage characteristic of scRNA-
seq data, resulting in missing quantification of alternative splicing events. This limitation hampers efforts to leverage 
scRNA-seq for high-resolution studies of splicing dynamics, especially in rare cell populations or low-quality samples.

In this study, we aimed to address these limitations by developing ASPIRE (Accurate Splicing Prediction from Limited 
RNA Sequencing), a deep learning framework that predicts AS metrics from low-depth gene expression data. Fig 1 con-
trasts conventional junction-based PSI estimation with ASPIRE’s expression-based approach. Our results demonstrate 
that ASPIRE accurately infers splicing metrics from gene expression where traditional junction-based methods fail, provid-
ing a robust complementary approach for studying splicing at single-cell resolution.

Results

ASPIRE accurately predicts percent spliced in values at low sequencing depths

We first investigated whether PSI values could be accurately predicted using TPM values derived from bulk RNA sequenc-
ing data with ASPIRE. This approach bypasses the need for raw transcript data, which can be challenging to obtain due 
to privacy concerns. Additionally, it reduces the computational overhead associated with counting reads that align to splice 
junctions, which is both time-consuming and memory-intensive.

Using the GTEx dataset, we trained ASPIRE to predict PSI from TPM. The ground truth PSI values were calculated 
from full-depth bulk RNA sequences, as detailed in Equation 1. Full-depth bulk sequencing yields highly reliable PSI 
estimates that are difficult to obtain at lower sequencing depths, such as those typical of scRNA-seq with 100K reads or 
fewer.

To evaluate ASPIRE’s performance across sequencing depths, we compared it against BRIE2 [16] and MARVEL [17], 
two widely used state-of-the-art tools for alternative splicing analysis, on GTEx samples downsampled to progressively 
lower read depths (Full, 500K, 100K, 10K), focusing on 1,000 exons exhibiting the largest variance in the GTEx dataset. 
Fig 2 summarizes performance across four complementary axes: mean exon-wise Pearson correlation (Panel A), exon-
wise MSE (Panel B), valid exons (Panel C), and missingness (Panel D). Across the low-depth regimes, ASPIRE main-
tains the strongest predictive accuracy while preserving broad exon coverage, whereas BRIE2 degrades markedly with 
depth. In contrast, although MARVEL is competitive at full depth, its estimates become highly sparse at reduced depth 
(near-complete missingness), resulting in unstable or undefined low-depth performance.

To further illustrate model performance at the resolution of a specific exon, we focused on exon 3 of the CLSTN1 gene 
(chr1:9756481–9756510, GRCh38), which has previously been analyzed and shown to have splicing alterations in various 
cancer types [3]. After training ASPIRE with full-depth bulk sequencing data (typically 30–40M reads), it results in a cor-
relation of 0.9028 and an MSE of 0.4100 between ŷ and y (left subplot of Fig 3); all reported correlation values are statisti-
cally significant with p-values smaller than 0.001.
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We then evaluated its performance at lower sequencing depths and tested the model using TPM values corresponding 
to 100K reads (typical of scRNA-seq) and 10K reads.

As shown in Fig 3, our model effectively predicted PSI values even when the input TPM was derived from lower 
sequencing depths. Although the prediction error increased as read counts decreased, the model maintained a reason-
able level of accuracy. Specifically, performance metrics indicated a 0.7820 correlation and 0.6193 MSE for 100K reads, 
and a 0.5396 correlation with 0.8912 MSE for 10K reads (middle and right subplots in Fig 3). For the same exemplar 
exon, BRIE2 applied to the downsampled GTEx 100K setting shows substantially weaker agreement with the bulk-derived 
PSI reference (Fig 4; correlation = 0.1946, MSE = 0.1532), highlighting the difficulty of transcripts-based PSI estimation at 
this depth for this event. This demonstrates the model’s robustness in predicting PSI values across varying sequencing 
depths.

Benchmarking ASPIRE against existing PSI estimation tools

To contextualize ASPIRE’s performance relative to existing approaches, we benchmarked it against BRIE2 [16] and 
MARVEL [17], across three independent datasets (see Methods). These evaluations were designed to assess ASPIRE’s 
ability to recover accurate PSI values under conditions where traditional junction-based tools often struggle, particularly 

Fig 1.  Overview of ASPIRE: expression-based prediction of alternative splicing under sparse sequencing. Conventional junction-based 
approaches (left) estimate percent spliced-in (PSI) by aligning reads to exon-exon junctions and applying the inclusion/(inclusion + skipping) ratio. This 
yields reliable PSI at high sequencing depth but breaks down under the sparse coverage typical of single-cell RNA-seq (scRNA-seq), where missing 
junction reads leave many events with undefined PSI. ASPIRE (right) instead predicts PSI directly from gene expression profiles (TPM): a deep neural 
network with an embedded Stochastic Gates (STG) feature-selection layer isolates a minimal, informative subset of genes. Because it relies on expres-
sion rather than junction coverage, ASPIRE maintains accurate, stable PSI estimates across both high- and low-depth regimes, including scRNA-seq-
like sparsity. Created in BioRender. zilbert, O. (2026) https://BioRender.com/gyjdaid.

https://doi.org/10.1371/journal.pcbi.1014725.g001

https://BioRender.com/gyjdaid


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014725  August 28, 2026 5 / 28

Fig 2.  Performance comparison of ASPIRE, BRIE, and MARVEL across sequencing depths (GTEx Full, 500K, 100K, 10K). For panels (A), (B), 
and (D), metrics are computed on the shared sample–exon intersection across all three methods within each dataset (Full: 708 samples/356 exons; 
500K: 708/353; 100K: 708/339; 10K: 708/88). Panel (A) shows mean exon-wise Pearson correlation (95% CI). Panel (B) shows median exon-wise MSE 
using exons with at least 20 paired observations. Panel (C) reports method-specific valid exons (predicted exons / K = 1000), while panel (D) reports 
mean missing fraction per exon (95% CI). ASPIRE is the most depth-robust method, achieving the strongest low-depth performance at 500K (corr 0.818, 
MSE 0.258), 100K (0.774, 0.458), and 10K (0.683, 0.696), whereas BRIE degrades substantially with depth (corr 0.421 to 0.147 from 500K to 10K). 
Marvel is competitive at Full depth (corr 0.912) but becomes highly sparse at lower depths (usable correlation exons: 19 at 500K, 4 at 100K, 0 at 10K; 
missing fraction roughly 0.99–1.00), leading to unstable or undefined low-depth estimates.

https://doi.org/10.1371/journal.pcbi.1014725.g002

Fig 3.  Ground truth and predicted PSI values, for exon chr1:9756481-9756510 (GRCh38) on gene CLSTN1. The ground-truth PSI was calculated 
using GTEx full-depth bulk RNA sequencing. The three subplots show our method’s PSI predictions at different depths (Bulk/100K(SC)/10K), where SC 
denotes single-cell, as 100K is typical for scRNA-seq depth. Correlation and MSE values are computed between ŷ and y: Bulk (correlation = 0.9028, 
MSE = 0.4100), 100K(SC) (correlation = 0.7820, MSE = 0.6193), and 10K (correlation = 0.5396, MSE = 0.8912).

https://doi.org/10.1371/journal.pcbi.1014725.g003

Fig 4.  BRIE2-predicted PSI on downsampled GTEx 100K data for the same exemplar exon as in Fig 3. Shown is the agreement between 
BRIE2-predicted PSI and the bulk-derived GTEx PSI reference (correlation = 0.1946, MSE = 0.1532).

https://doi.org/10.1371/journal.pcbi.1014725.g004
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in low-depth or single-cell–like settings. For each dataset, ASPIRE’s predictions were compared with the corresponding 
tool-generated PSI values, enabling a direct assessment of predictive accuracy, robustness, and event coverage.

Benchmarking MARVEL and BRIE2 on downsampled 100K GTEx Data

We evaluated MARVEL and BRIE2 on the 100K-downsampled GTEx dataset, using PSI values computed from full-
depth bulk RNA-seq as the ground truth (Fig 5). MARVEL produced PSI estimates for 17,985 splicing events across 
993 samples, of which 17,172 events overlapped with the ground-truth set. However, after applying a minimum thresh-
old of 40 non-NA PSI samples, only 131 events remained suitable for quantitative comparison. Among these, MARVEL 
generated valid (no NA value) correlations for 98 events, with only 26 exceeding 0.4 (Fig 5, left). MARVEL’s correlation 
distribution showed highly variable performance, with quantiles ranging from 0.19 (median) to 0.42 (75th percentile), 
and 0.74/0.96 at the 90th and 95th percentiles, respectively (Fig 5, right). These higher correlations should be inter-
preted with caution, as many of the corresponding events had relatively few valid samples, which can artificially inflate 
correlation estimates.

BRIE2 produced PSI estimates for 8,148 splicing events, of which 8,008 overlapped with the ground truth. Unlike MAR-
VEL, BRIE2 yielded valid correlations for nearly all events (7,869 exons), though most showed weak agreement with bulk 
PSI. Only 118 events exceeded a correlation of 0.4 (Fig 5, left). BRIE2’s correlation distribution was generally low, with 
a median of 0.06, a 75th percentile of 0.11, and a 95th percentile of 0.25; only the top 1% of events reached correlations 
above 0.45 (Fig 5, right).

Fig 5.  Benchmarking MARVEL and BRIE2 on 100K-downsampled GTEx. Left: Number of exon events retained at each filtering stage for MARVEL 
and BRIE2, compared against PSI values computed from full-depth bulk RNA-seq (ground truth). Right: Distribution of per-exon Pearson correlations 
with bulk PSI ground truth. Box spans Q25-Q75; line indicates median; whiskers extend to Q90. Points mark Q95 values. Dashed red line indicates the 
r = 0.4 threshold used in the text.

https://doi.org/10.1371/journal.pcbi.1014725.g005
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Benchmarking on single-cell RNA-seq data from multiple sclerosis (Mouse; GSE113973)

We next evaluated ASPIRE on a real single-cell RNA-seq dataset from a mouse model of multiple sclerosis (GSE113973), 
for which BRIE2 previously reported PSI values. Because BRIE2 provided published PSI estimates for this dataset, we 
used these values as a reference to assess the level of agreement between ASPIRE and BRIE2. BRIE2 quantified PSI for 
3,780 splicing events, whereas MARVEL reported 8,293 events, of which 2,417 contained at least one real PSI value.

ASPIRE was trained on all exons using TPM values derived from the matched single-cell expression profiles. When 
evaluated against the BRIE2-derived reference values, ASPIRE achieved meaningful correlations for only a subset 
of events; among these, the top 10 highest correlations ranged from 0.4725 to 0.7901. Examination of the highest-
performing events revealed clear linear relationships between ASPIRE-predicted PSI and BRIE2-reported PSI, with 
several events showing strong concordance even in the presence of substantial variability in single-cell expression levels 
(S1 Fig). These examples demonstrate that ASPIRE predictions can achieve strong concordance with BRIE2-derived PSI 
estimates in real single-cell data when sufficient biological signal is present. At the same time, the relatively small number 
of events exhibiting strong agreement highlights the intrinsic challenges of predicting PSI under the extreme sparsity and 
technical noise characteristic of single-cell RNA-seq.

Benchmarking on human HiPSC differentiation data (PRJEB15062)

Lastly, we evaluated ASPIRE on a human single-cell RNA-seq dataset profiling various stages of hiPSC differentia-
tion toward definitive endoderm (PRJEB15062), for which MARVEL previously reported PSI values. Because MARVEL 
provided published PSI estimates for this dataset, we used these values as a reference to assess the level of agreement 
between ASPIRE and MARVEL. MARVEL quantified PSI for 20,509 splicing events, of which 17,783 contained at least 
one real PSI value across samples.

ASPIRE was trained on the 262 splicing events shared between the MARVEL and BRIE2 outputs, and for each event, 
we computed the correlation between ASPIRE-predicted PSI values and the MARVEL-derived reference values. Using the 
same evaluation protocol, we computed the corresponding correlations for BRIE2. An exon was considered a “win” for a given 
method if its correlation with the MARVEL reference exceeded r > 0.4 and was higher than that of the competing method.

Under this criterion, BRIE2 achieved higher correlation for 126 events, whereas ASPIRE achieved higher correlation 
for 136 events. Representative examples illustrating cases in which either ASPIRE or BRIE2 more closely matched the 
MARVEL-derived PSI values are shown in S2 Fig. These examples highlight that each method captures complementary 
subsets of splicing events, reflecting differences in the information they leverage.

Importantly, ASPIRE achieves performance comparable to BRIE2, despite relying solely on gene expression features 
rather than splice-junction reads. This indicates that expression-based prediction can capture meaningful splicing- 
related signal even in the absence of junction-level evidence. The comparable level of agreement across events suggests 
that ASPIRE provides a complementary expression-based approach for PSI estimation in settings where junction-based 
approaches are limited by sparse coverage or technical constraints.

Consistent evaluation across a defined gene panel

To evaluate ASPIRE on a pre-defined, biologically motivated gene set, we selected nine genes with well-characterized 
cassette exon events: CLSTN1, PTBP1, PTBP2, ADD3, MAPT, APP, CAMK2D, BIN1, and NUMB. This panel includes 
RNA-binding proteins that regulate splicing (PTBP1, PTBP2), classic targets of tissue-specific alternative splicing (MAPT, 
APP, ADD3, CAMK2D, BIN1, NUMB), and the exemplar gene from earlier analyses (CLSTN1). For each gene, we iden-
tified cassette exon events in human (hg38) and mouse (mm10) using VastDB, and evaluated ASPIRE alongside BRIE2 
and MARVEL across four GTEx sequencing depths (Full, 500K, 100K, 10K) and two single-cell datasets (human hiPSC 
differentiation, mouse multiple sclerosis). The full list of exon coordinates is provided in S1 Table, and per-exon correlation 
results in S2 Table. Fig 6 summarizes the results at the gene level, showing the Pearson correlation of the best-performing 
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cassette exon per gene; grey cells in the BRIE2 and MARVEL columns indicate exon–dataset combinations for which 
the respective tool did not report a PSI value, so no correlation could be computed. At full GTEx depth, ASPIRE achieved 
strong correlations for seven of nine genes, including APP (r = 0.98), ADD3 (r = 0.96), CAMK2D (r = 0.91), CLSTN1 
(r = 0.92), BIN1 (r = 0.90), PTBP2 (r = 0.90), and PTBP1 (r = 0.71). ASPIRE’s performance decreased only gradually with 
sequencing depth, consistent with the depth-dependent trends reported above, remaining significant for these genes 
across all four depths. MAPT (r = 0.58) and NUMB (r = 0.44) showed more moderate correlations. At full depth, BRIE2 and 
MARVEL also produced strong correlations for several genes, in a number of cases matching or exceeding ASPIRE. For 
example, for MAPT and NUMB, BRIE2 reached r = 0.89 and r = 0.95 (compared with ASPIRE’s r = 0.58 and r = 0.44), with 
MARVEL comparably high. As sequencing depth decreased, however, their agreement degraded far more steeply than 
ASPIRE’s: BRIE2 correlations fell sharply (e.g., PTBP2 from r = 0.94 at full depth to r = 0.26 at 500K and r = 0.12 at 100K) 
and were largely absent by 10K, while MARVEL returned no PSI estimates below full depth. This behaviour is expected 
for junction-based quantification, which depends on junction-spanning reads and yields fewer usable estimates as cov-
erage declines; by predicting PSI from expression instead, ASPIRE remained accurate in this sparse, low-depth regime, 
which is the setting it is designed for. In the single-cell datasets, the strongest agreement was observed for APP (r = 0.32 
vs MARVEL in hiPSC; r = 0.75 vs BRIE2 in mouse), while most other genes showed weaker concordance. S3 Fig presents 
the full per-exon results. Within each gene, individual exons exhibited substantial variability in prediction accuracy. For 

Fig 6.  PSI prediction correlation heatmap for the chosen gene panel (best exon per gene). Heatmap showing the Pearson correlation of the 
best-performing cassette exon per gene across datasets and methods. Rows correspond to nine genes, labelled by gene symbol; the exon shown 
for each gene is listed at the end of this legend. Columns are grouped by dataset and sequencing depth: GTEx (Full, 500K, 100K, 10K) with three 
sub-columns per depth (ASPIRE vs ground truth, BRIE2 vs ground truth, MARVEL vs ground truth), plus two single-cell columns (ASPIRE vs MAR-
VEL for the hiPSC dataset, ASPIRE vs BRIE2 for the mouse MS dataset). Cell text shows the Pearson r value with significance annotation (* p < 0.05, 
** p < 0.01, *** p < 0.001) and sample count (n). Cell color reflects the Pearson r value. Grey cells in the BRIE2 and MARVEL columns denote exon–
dataset combinations for which the respective tool did not report a PSI value, so no correlation could be computed; in the Mouse SC panel, grey cells 
labelled ‘No exon was detected’ mark genes for which no cassette exon was detected in BRIE2 output. For each gene, the cassette exon shown is, in 
most cases, the one with the highest absolute correlation at full GTEx depth. The exon shown for each gene is: CLSTN1, chr1:9756480-9756511; APP, 
chr21:25997359-25997417; CAMK2D, chr4:113455725-113455822; PTBP2, chr1:96806418-96806453; BIN1, chr2:127057472-127057602; ADD3, 
chr10:110132304-110132401; MAPT, chr17:45971858-45971946; PTBP1, chr19:805491-805570; NUMB, chr14:73284080-73284375. Mouse (Mouse 
SC) exons: App, chr16:85043576-85043743; Bin1, chr18:32431671-32431742; Add3, chr19:53232356-53232433; Mapt, chr11:104321063-104321159; 
Ptbp1, chr10:79860117-79860194; Numb, chr12:83855440-83855524; no cassette exon was detected for Clstn1, Camk2d or Ptbp2 in BRIE output. 
Coordinates refer to human GRCh38/hg38, mouse GRCm38/mm10. Exon coordinates and full per-exon results are provided in S1 Table and S2 Table, 
respectively.

https://doi.org/10.1371/journal.pcbi.1014725.g006
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example, ADD3 contained one exon with r = 0.96 and another with r = 0.13, and PTBP1 ranged from r = 0.71 to near zero 
across its four exons, indicating that not all cassette exon events are equally predictable from expression profiles.

Non-linear methods achieve the best performance for PSI prediction

Accurately predicting PSI values from gene expression data is challenging because of the complex relationships between 
gene expression patterns and splicing outcomes. To address this challenge, we evaluated multiple methods, to determine 
whether nonlinearity plays a significant role.

Several existing methods designed for PSI prediction from RNA-seq data, including BRIE [16], Outrigger [18], and 
MARVEL [17], were unable to generate predictions for exon 3 of the CLSTN1 gene (chr1:9756481–9756510, GRCh38) in 
the 100K GTEx dataset. This inability suggests limitations in their applicability in certain cases, underscoring the need for 
a more robust, generalizable approach. To address this, we compared four methodological approaches: LASSO, standard 
Multi-Layer Perceptron (MLP), and our proposed method, ASPIRE.

The comparative analysis revealed that non-linear methods (MLP and ASPIRE) consistently outperformed the linear 
method (LASSO), in predicting PSI values, as shown in Fig 7. Specifically for Bulk sequencing depth, ASPIRE achieved 
the highest correlation of 0.918 ± 0.015 and the lowest MSE of 0.034 ± 0.034, while MLP showed similar performance 
with a correlation of 0.906 ± 0.017 and an MSE of 0.034 ± 0.034. For the linear method, LASSO achieved a correlation of 
0.900 ± 0.019 and an MSE of 0.040 ± 0.040.

The superior performance of non-linear methods suggests that the relationship between gene expression and PSI 
values is inherently complex and cannot be adequately captured by linear models alone. This finding aligns with our bio-
logical understanding of splicing regulation, in which multiple factors and their interactions collectively influence splice-site 
selection and exon-inclusion rates [19–21]. Furthermore, the comparable performance of MLP and ASPIRE indicates that 

Fig 7.  Correlation/MSE between predicted and real PSI values for different methods: LASSO, standard Multi-Layer Perceptron (MLP), and our 
proposed method, ASPIRE. Correlation and MSE values are computed between ŷ and y. Across TPM based on different depths (Bulk/100K(SC)/10K), 
where SC stands for single-cell, as 100K is associated with typical scRNA-seq depth. Both non-linear methods, MLP and ASPIRE, outperform the linear 
method, LASSO. Specifically for Bulk sequencing depth, ASPIRE achieved the highest correlation of 0.918 ± 0.015 and the lowest MSE of 0.034 ± 0.034, 
while MLP showed similar performance with a correlation of 0.906 ± 0.017 and MSE of 0.034 ± 0.034. For the linear method, LASSO achieved a correla-
tion of 0.900 ± 0.019 and an MSE of 0.040 ± 0.040.

https://doi.org/10.1371/journal.pcbi.1014725.g007
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our feature selection approach preserves predictive power while potentially improving interpretability by identifying key 
regulatory genes.

ASPIRE enables accurate prediction of exon PSI using only a small gene set

The use of TPM values has proven effective in predicting PSI values, which are critical for understanding splicing regulation 
and its biological implications. However, using all available gene expression data may introduce noise and a risk of over-
fitting, as many genes have little to no biological relevance to the splicing of specific exons. In addition, identifying the key 
regulatory genes that drive alternative splicing of particular exons remains a crucial biological challenge. To address this, 
we evaluated whether PSI prediction could be optimized by focusing on biologically relevant gene subsets. We applied two 
feature selection methods, LASSO (Least Absolute Shrinkage and Selection Operator) [22] and ASPIRE, which incorporates 
STG [23], to identify the most informative genes for splicing regulation. We generated distinct gene sets tailored to the task 
by varying the regularization coefficients for both methods. This approach allows us to dissect the biological contributions of 
selected genes, enhancing model interpretability and potentially uncovering novel regulators of exon-specific splicing.

ASPIRE outperformed LASSO in identifying a minimal subset of predictive genes (Fig 8). Both methods exhibited a 
similar pattern: overfitting when a large set of genes was selected, and a reduction in prediction error as the number of 
selected genes decreased. However, the predictions from ASPIRE yield higher correlation coefficients and lower MSE 
than those from LASSO for an equivalent number of selected genes. Notably, our results demonstrate that accurate PSI 
prediction can be achieved using as few as 12 genes. For the CLSTN1 exon model, the 12 ASPIRE-selected genes were: 
MAP4, PCBP4, SRPK1, LGALS1, TCF20, SLIRP, ZC3H13, RBM47, ZCCHC24, MRPL41, CCDC137, and P4HB (full list 
in S3 Table). We note that this specific set is not necessarily unique. Different optimization runs or regularization settings 
may yield alternative gene subsets of similar size with comparable predictive performance (see Discussion). Compared 
with 1,000 randomly sampled 12-gene subsets, which achieved a mean correlation of r = 0.698, the ASPIRE-selected set 
(r = 0.946) substantially outperformed the random baseline (S4 Fig). This reinforces that a limited yet biologically relevant 
gene set is sufficient to model exon-specific splicing regulation.

Fig 8.  Correlation between predicted and real PSI values for LASSO and ASPIRE as a function of the number of selected genes. Correlation 
values are computed between ŷ and y. Each dot represents results from training with a different regularization coefficient. Both methods exhibited a 
similar pattern: overfitting when a large set of genes was selected, and reduced prediction error as the number of selected genes decreased. However, 
ASPIRE’s predictions yield higher correlation values than LASSO for an equivalent number of selected genes. The annotated star markers indicate the 
minimal ASPIRE model (12 genes, r = 0.946) and the corresponding LASSO model (13 genes, r = 0.880).

https://doi.org/10.1371/journal.pcbi.1014725.g008
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Our analysis demonstrates that accurate PSI prediction can be achieved using a small subset of RBP genes. The high 
correlation among RBPs, combined with the stochastic nature of feature selection, may lead to variability in the specific 
genes identified across different runs. Nonetheless, the consistent predictive power of ASPIRE highlights the robustness 
of this approach in leveraging biologically relevant signals for splicing analysis.

ASPIRE demonstrates predictive robustness through uncertainty quantification with monte carlo dropout

Our model accurately predicts PSI from read coverage comparable to that typically observed in scRNA-seq. However, 
the noisy nature of scRNA-seq, particularly for low-expression or complex splicing patterns, could adversely affect model 
performance. To assess the reliability of our predictions across different splicing scenarios, we implemented Monte Carlo 
(MC) dropout [24], a technique for uncertainty quantification in deep learning models. MC dropout is a regularization 
method in which randomly selected neurons are set to zero during training and at inference. This allows for the generation 
of multiple stochastic predictions from the same model. By generating multiple stochastic predictions for the same input 
(e.g., 100 iterations in this study), we estimated predictive uncertainty by analyzing variability across these outputs.

The motivation for using MC dropout lies in its ability to provide uncertainty estimates without requiring significant 
changes to the model architecture. This is particularly valuable for alternative splicing analysis, where prediction confi-
dence may vary based on factors such as tissue-specific regulation and transcript abundance. By quantifying uncertainty, 
we gain insight into the model’s confidence in its predictions, particularly for values at the extremes of the PSI range or for 
rare splicing events.

In this evaluation, we trained a neural network with a 0.1 dropout rate on a subset of genes selected by ASPIRE. 
During inference, we introduced dropout and ran 100 stochastic forward passes. The resulting spread of predictions, 
as illustrated in Fig 9, highlights the robustness of the model. Results demonstrate that, despite incorporating dropout, 

Fig 9.  PSI Prediction Uncertainty Quantification: Multiple predictions 100 iterations (100) for the same input, with dropout enabled at infer-
ence. True PSI values are sorted in descending order and shown with their corresponding mean predictions and 95% prediction interval across all 100 
runs.

https://doi.org/10.1371/journal.pcbi.1014725.g009
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our method consistently predicts PSI values for the chosen gene set across all PSI ranges. This robustness suggests 
that our selected gene set captures key regulatory relationships governing alternative splicing, even in noisy single-cell 
data.

To assess whether the uncertainty estimates are practically useful, we stratified predictions into five equal-count bins 
by their uncertainty level, measured as the standard deviation across 100 stochastic forward passes (N = 926 test pre-
dictions pooled across folds). As shown in S5 Fig, predictions with lower uncertainty were consistently more accurate: 
Pearson correlation with ground truth decreased from r = 0.94 in the lowest-uncertainty bin to r = 0.64 in the highest, with 
a corresponding increase in prediction error (RMSE from 0.12 to 0.23). Predictive uncertainty also correlated significantly 
with absolute error (Spearman ρ = 0.27, p = 1.6× 10–16 ), indicating that the uncertainty estimate can serve as a practical 
confidence filter for identifying the most reliable predictions.

RNA-binding protein genes show better PSI prediction than other gene pools at low sequencing depths

A key motivation for this analysis is to investigate the impact of gene pool selection on PSI prediction accuracy, particularly 
at low sequencing depths. Different gene sets are expected to contribute differently to prediction performance, given their 
biological roles and expression patterns. To explore this, we compared RNA-binding protein (RBP) genes [25] against 
three other gene pools: alternative-splicing-relevant RBPs (82 genes curated from Tao et al. [26]), house-keeping genes 
[27], and random gene sets of the same size. The gene lists for all four pools are provided in S4 Table.

Housekeeping genes were chosen as the comparison group because they are consistently expressed and play a cru-
cial role in maintaining essential cellular functions across various tissue types and conditions [27]. While their consistent 
expression makes them reliable for specific applications, they are not explicitly linked to splicing regulation and may lack 
the specificity required for accurate PSI prediction. In contrast, random gene pools serve as a baseline for evaluating the 
performance of RNA-binding proteins (RBPs) and housekeeping genes.

RNA-binding protein genes were hypothesized to outperform the other pools due to their direct involvement in RNA 
splicing and post-transcriptional regulation. RBPs are known to influence exon inclusion and alternative splicing, making 
them particularly relevant for predicting PSI values. By focusing on genes with mechanistic roles in splicing, we aimed to 
improve model performance, particularly under challenging conditions, such as low sequencing depths.

As shown in Fig 10, prediction based on RBP genes is more accurate compared with the house-keeping genes and ran-
dom gene pools. The AS-relevant RBP subset showed intermediate performance at full depth (r = 0.857) but outperformed 
both housekeeping and random sets at reduced depths (100K: 0.705 vs 0.699/0.689; 10K: 0.495 vs 0.395/0.431), support-
ing the value of splicing-specific gene selection under sparse conditions. This advantage was consistently observed across 
different sequencing depths, including single-cell RNA sequencing (scRNA-seq) at 100,000 reads. These results under-
score the importance of selecting biologically relevant gene pools for predictive tasks in RNA sequencing data.

Evaluation of predictive robustness through selected vs. random subsets of RNA-binding protein genes

To validate the effectiveness of ASPIRE for feature selection, we conducted a comparative analysis of genes selected by 
ASPIRE versus randomly selected genes from the RNA-binding protein (RBP) gene pool. This analysis served two pur-
poses: to assess whether ASPIRE identifies genuinely informative genes for PSI prediction and to demonstrate that the 
performance improvements aren’t simply due to the reduced feature set size.

Our evaluation methodology used ASPIRE to select a subset of predictive genes from the RBP gene pool and then 
generated multiple random subsets of RBP genes of the same size as the STG-selected set. We trained separate models 
using both the STG-selected genes and random subsets. We evaluated their predictive performance using correlation and 
mean squared error (MSE) between predicted and ground-truth PSI values.

As shown in Fig 11, the ASPIRE-selected genes consistently achieved higher correlation and lower MSE compared 
to random subsets. These results demonstrate that ASPIRE effectively identifies biologically relevant genes for PSI 



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014725  August 28, 2026 13 / 28

Fig 10.  Performance comparison of PSI prediction across different gene pools at varying sequencing depths. (Bulk/100K(SC)/10K), where SC 
denotes single-cell, as 100K is typical of scRNA-seq depth. Each panel shows ASPIRE-predicted PSI versus ground-truth PSI, with Pearson r and two-
sided p-value annotated. Rows correspond to four gene pools (from top to bottom): RNA-binding proteins (1,319 genes; average selected: 29.2 ± 1.3), 
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prediction rather than simply benefiting from a reduced feature set. The selected genes provide robust and reliable predic-
tions, suggesting they capture fundamental relationships between gene expression and splicing regulation.

Leave-tissue-out generalization

To assess whether ASPIRE generalizes beyond tissue-specific expression patterns, we performed a leave-tissue-out 
cross-validation on the GTEx dataset, in which entire tissues were held out from training and used only for testing. 
ASPIRE retained predictive performance across most held-out tissues, with a median per-tissue Pearson correlation of 
0.89 and a median MSE of 0.017 (Fig 12). Brain-related tissues achieved the highest correlations (r > 0.9), while tissues 
with distinct expression regimes, particularly Testis and Whole Blood, showed substantially lower performance. These 
results indicate that ASPIRE captures transferable regulatory signals for most tissues but remains sensitive to biologically 
divergent expression contexts.

Stability of selected genes across folds and depths

To evaluate the consistency of ASPIRE’s feature selection mechanism (Stochastic Gates, STG), we assessed gene-
selection stability across five cross-validation folds and three sequencing depths (Bulk, 100K, and 10K). A core set of 
genes including NME1, KHDRBS1, and NELFE was selected across all folds and depths (Fig 13, left). Pairwise Jaccard 
overlap was higher within depth (mean 0.434 ± 0.095) than across depths (mean 0.243 ± 0.081) (Fig 13, right), indicat-
ing that while a stable core is retained, the model adapts its gene selection to the available signal at each depth. The num-
ber of selected genes was consistent across depths, averaging 32.6 ± 3.2, 40.4 ± 2.3, and 46.6 ± 2.9 genes for Bulk, 
100K, and 10K, respectively (Fig 13, bottom).

Fig 11.  Comparison of PSI prediction performance using ASPIRE-selected genes versus random subsets from the RBP gene pool. Correlation 
values are computed between ŷ and y. Results demonstrate the superiority of ASPIRE-selected genes.

https://doi.org/10.1371/journal.pcbi.1014725.g011

AS-relevant RBPs (82 genes curated from Tao et al. 2024; average selected: 6.3 ± 0.4), housekeeping genes (average selected: 35.2 ± 4.9), and random 
protein-coding gene sets (average selected: 35.0 ± 3.1). Columns correspond to sequencing depths. RNA-binding protein genes consistently achieve 
the highest correlation across all depths. The AS-relevant RBP subset outperforms housekeeping and random sets at reduced depths (100K and 10K). 
Gene lists for all four pools are provided in S4 Table.

https://doi.org/10.1371/journal.pcbi.1014725.g010
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Fig 12.  Leave-tissue-out performance by held-out GTEx tissue. ASPIRE was trained with each of the 51 GTEx tissues held out in turn and evalu-
ated on the held-out tissue. Left panel: per-tissue Pearson correlation between predicted and ground-truth PSI. Right panel: per-tissue MSE (log scale). 
Dashed line indicates the subject-level cross-validation baseline. Median per-tissue correlation was 0.89 (median MSE = 0.017). Tissues are sorted by 
correlation in descending order.

https://doi.org/10.1371/journal.pcbi.1014725.g012
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Fig 13.  Stability of ASPIRE’s feature selection across cross-validation folds and sequencing depths. Left: selection frequency of the top recurrent 
genes across three sequencing depths (Bulk, 100K, 10K). A value of 1.00 indicates the gene was selected in all five folds at that depth. A core set of 
genes, including NME1, KHDRBS1, and NELFE, was selected consistently across all folds and depths. Right: pairwise Jaccard index of selected gene 



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014725  August 28, 2026 17 / 28

Stratified performance by PSI range and host-gene expression

To characterize where ASPIRE performs best, we stratified prediction accuracy by ground-truth PSI range and by host-
gene expression level on the GTEx benchmark (1,000 cassette exons). We report MAE and MSE rather than Pearson 
correlation, which is unreliable within narrow PSI intervals. As shown in Fig 14 (A,C), prediction error was lowest for 
low-inclusion exons (MAE = 0.049, MSE = 0.007 for PSI 0.0-0.2) and broadly similar across higher PSI ranges (MAE 

Fig 14.  ASPIRE performance stratified on the GTEx benchmark. (A) MAE and (C) MSE stratified by ground-truth PSI range. Prediction error was 
lowest for low-inclusion exons (PSI 0.0–0.2: MAE = 0.049, MSE = 0.007) and broadly similar across higher ranges (MAE 0.090–0.098). (B) MAE and (D) 
MSE stratified by host-gene expression tertile (within-exon tertiles of log2(TPM + 1)). Error decreased with increasing expression: MAE from 0.097 (low) 
to 0.071 (high), MSE from 0.019 to 0.010. Bars show prediction error computed across observed sample–exon pairs; n indicates the number of predic-
tion rows in each stratum. Results are based on the 1,000 highest-variance cassette exons evaluated at full GTEx depth.

https://doi.org/10.1371/journal.pcbi.1014725.g014

sets across all fold–depth combinations. Within-depth overlap (mean 0.434 ± 0.095) was higher than across-depth overlap (mean 0.243 ± 0.081). Bottom: 
number of selected genes per fold at each depth, showing a slight increase at lower depths (Bulk: 32.6 ± 3.2; 100K: 40.4 ± 2.3; 10K: 46.6 ± 2.9).

https://doi.org/10.1371/journal.pcbi.1014725.g013
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0.090-0.098). Stratification by host-gene expression showed a clearer trend: MAE decreased from 0.097 in the low-
expression tertile to 0.071 in the high-expression tertile (Fig 14 B,D), indicating that ASPIRE is most reliable for exons in 
highly expressed host genes.

Discussion

This study presents ASPIRE, a deep-learning-based framework for predicting alternative splicing (AS) metrics, specifically 
Percent Spliced-In (PSI) values, from gene expression data obtained at low sequencing depths. ASPIRE addresses key 
challenges in analyzing AS in sparse single-cell RNA sequencing (scRNA-seq) datasets by leveraging transcript expres-
sion values rather than direct splice-junction coverage. Our results demonstrate that ASPIRE accurately predicts PSI 
values across varying sequencing depths, maintaining high predictive performance even at low read counts.

Using the GTEx dataset as a benchmark, we systematically evaluated ASPIRE’s robustness across a range of 
sequencing depths. We further extended this analysis by comparing ASPIRE with established single-cell splicing tools, 
including BRIE2 and MARVEL, on multiple independent single-cell datasets. Evaluation on a defined panel of nine bio-
logically relevant genes demonstrated strong performance for the majority of genes across multiple data types, while also 
revealing that not all cassette exon events are equally predictable from expression profiles.

In these real single-cell settings, performance comparisons should be interpreted with care, as the available reference 
PSI values are themselves inferred from sparse single-cell data rather than derived from high-confidence bulk measure-
ments. Consequently, the evaluation reflects agreement between different computational estimates of splicing rather than 
direct recovery of an absolute ground truth.

Within this context, ASPIRE demonstrated performance comparable to existing methods across many events, despite 
relying solely on gene expression rather than splice-junction information. This suggests that expression-based models 
can capture meaningful splicing-related signal even when junction-level evidence is limited, and that ASPIRE provides a 
complementary perspective to junction-based approaches in data regimes where direct PSI estimation is challenging.

In contrast, when reliable ground-truth PSI could be obtained from full-depth bulk RNA-seq, ASPIRE achieved substan-
tially higher correlations with the reference PSI values. In comparison, junction-based methods struggled to provide stable 
or complete estimates at low sequencing depth. These results highlight a key distinction between evaluating agreement 
with tool-derived PSI estimates in single-cell data and evaluating recovery of biologically accurate PSI values derived 
from deep bulk sequencing. Together, they underscore ASPIRE’s primary strength: accurately approximating exon inclu-
sion levels from gene expression alone when sequencing depth is insufficient for direct PSI quantification. Moreover, our 
comparative analysis confirmed that non-linear models, particularly ASPIRE, outperform linear approaches, reinforcing the 
complex and non-linear nature of splicing regulation and the need for deep-learning-based methods in low-depth tran-
scriptomic settings. Leave-tissue-out evaluation further confirmed that ASPIRE captures transferable regulatory signals 
across most GTEx tissues, though performance was reduced for tissues with highly distinct expression profiles.

A key limitation of our study is that the reduced-coverage datasets used to evaluate ASPIRE were generated through 
random downsampling of bulk RNA-seq reads rather than from real single-cell experiments. Although this strategy effec-
tively reproduces low read depth, a significant barrier to PSI estimation in scRNA-seq, it does not fully mimic the molecu-
lar capture variability, amplification biases, and zero-inflated expression distributions characteristic of single-cell profiling. 
Consequently, the 100K and 10K TPM profiles used here should be regarded as depth-matched approximations rather 
than precise representations of scRNA-seq data. Future work incorporating real single-cell datasets with validated splicing 
measurements will be crucial for further characterizing ASPIRE’s performance under true single-cell technical noise.

Feature selection was instrumental in refining PSI predictions while mitigating noise. Our findings show that restricting 
input features to biologically relevant subsets, particularly RNA-binding protein (RBP) genes, significantly improves predictive 
accuracy compared with models using housekeeping or randomly selected genes. This underscores the central role of RBPs 
in splicing regulation and suggests that informed gene selection strategies can markedly improve AS analyses in low-depth 
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sequencing contexts [19,20,28]. Gene-selection stability analysis showed that a consistent core of genes was selected 
across cross-validation folds and sequencing depths, supporting the biological interpretability of the selected features.

Importantly, we do not present the specific gene sets identified by ASPIRE as unique or biologically optimal panels of 
splicing regulators. Because informative genes are often correlated and STG selection is inherently stochastic, other sub-
sets of similar size may achieve comparable predictive performance. Rather, ASPIRE’s feature selection serves as a first-
pass screen that narrows thousands of candidate genes to a compact, predictive subset, which can then be refined into a 
biologically meaningful panel through downstream validation or curation [29]. The central finding is that a small gene set 
suffices for accurate PSI prediction; identifying the most relevant regulators among these candidates is a natural follow-up 
to this initial filtering step.

We integrated uncertainty quantification through Monte Carlo (MC) dropout to further enhance reliability, enabling a 
probabilistic assessment of ASPIRE’s predictions. The consistency of confidence estimates across different PSI ranges 
affirms ASPIRE’s robustness, providing an additional layer of reliability for researchers analyzing low-depth transcrip-
tomic data. We further demonstrated that low-uncertainty predictions are substantially more accurate, indicating that the 
MC-dropout uncertainty estimate can serve as a practical confidence filter. Stratification by PSI range and host-gene 
expression level revealed that ASPIRE performs best for exons in highly expressed genes.

In summary, ASPIRE constitutes a significant advancement in the computational predictions of alternative splicing, 
particularly in single-cell transcriptomics. By enabling accurate expression-based PSI prediction from low-depth RNA 
sequencing data, ASPIRE facilitates new investigations into splicing dynamics across diverse biological conditions, 
including disease progression, cellular heterogeneity, and therapeutic responses. This study establishes ASPIRE as a 
valuable tool to mitigate the limitations of scRNA-seq in AS analysis, highlighting the critical role of biologically informed 
machine-learning approaches in transcriptomic research.

This positioning is consistent with recent perspectives on AI-based splicing prediction, which emphasize quantitative 
and context-specific splicing inference while highlighting persistent challenges in cell-type-specific regulation, trans-acting 
regulatory effects, and multimodal integration [30].

Future work will expand ASPIRE’s capabilities by integrating multi-omic datasets, including chromatin accessibility and 
proteomics, to improve predictions of splicing regulation [28,30]. Additionally, ASPIRE could be adapted to predict splic-
ing factor binding sites, facilitating its application in perturbation-based RNA-seq experiments to explore dynamic splicing 
responses under specific conditions. Given the interplay between alternative splicing and RNA editing, ASPIRE could 
also be extended to study RNA editing events and their potential impact on splicing regulation. Such extensions would 
further broaden ASPIRE’s utility in dissecting the regulatory mechanisms underlying transcriptomic diversity and post-
transcriptional modifications.

Methods

Ethics statement

This study exclusively used previously published publicly available datasets for which ethical approval and informed con-
sent were obtained by the original studies. No new human samples, animal experiments, or personally identifiable data 
were collected. Access to the GTEx controlled-access data was obtained through dbGaP in compliance with the GTEx 
data use agreement. All other datasets used are publicly available without restriction.

Study design and validation strategy

To address the limitations of scRNA-seq in AS analysis, we propose ASPIRE (Accurate Splicing Prediction from LImited 
RNA SEquencing), a novel deep-learning approach that predicts AS metrics, specifically Percent Spliced In (PSI), using 
gene expressions derived from a limited number of reads equivalent to the sparse reads from scRNA-seq data. ASPIRE 
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can effectively predict PSI from read coverage comparable to that typically found in single-cell sequencing experiments 
(100K). Moreover, by integrating an embedded feature selection mechanism, we identified a small, highly predictive sub-
set of genes, enabling efficient and cost-effective analysis.

Results show that ASPIRE accurately predicts PSI values across varying sequencing depths, outperforming benchmark 
methods as sequencing depth drops. By leveraging Transcripts Per Million (TPM) values, we mitigate the challenges of 
obtaining raw transcript counts while maintaining predictive reliability. Additionally, by focusing on a minimal yet biologi-
cally relevant subset of genes, we enhance the clarity of our results and attenuate the impact of nuisance genes that can 
obscure meaningful biological signals.

As expected, we demonstrated that RNA-binding protein (RBP) genes play a crucial role in PSI prediction, outper-
forming housekeeping and randomly selected gene pools, particularly at low sequencing depth. This reinforces the 
biological significance of RBPs in splicing regulation and highlights their predictive value in sparse RNA-seq data. Our 
results showed that ASPIRE effectively maintained high correlation values when predicting PSI using RBP genes, even at 
sequencing depths typical of scRNA-seq. RBP-based predictions exhibited lower mean squared error (MSE) and greater 
robustness than other gene pools, particularly under limited read coverage.

Additionally, we performed uncertainty quantification using Monte Carlo (MC) dropout to confirm the reliability of 
ASPIRE’s predictions. We assessed predictive confidence across PSI ranges by introducing stochastic dropout during 
inference, demonstrating that ASPIRE remains robust even under noisy-data conditions.

These findings underscore the importance of gene selection strategies in splicing analysis and further validate ASPIRE 
as a powerful tool for studying alternative splicing across diverse biological conditions. By enabling accurate PSI predic-
tions at low sequencing depths, ASPIRE opens new avenues for transcriptomic research, particularly in single-cell studies 
where read sparsity remains a major challenge.

This paper details the development and validation of ASPIRE. To rigorously assess our model, we employed a two-
tiered validation strategy. First, we utilized the GTEx dataset to construct ’pseudo-single-cell’ profiles by downsampling 
bulk RNA-seq data. This controlled environment allows us to use PSI values derived from full-depth bulk sequencing as a 
high-confidence ’Gold Standard’ ground truth. Second, to demonstrate applicability in real-world scenarios and agreement 
with existing methods, we benchmarked ASPIRE against existing tools (BRIE2 [16] and MARVEL [17]) using independent, 
experimentally derived single-cell RNA-seq datasets.

ASPIRE opens new avenues for understanding splicing regulation across diverse biological contexts by enabling 
accurate expression-based PSI prediction with limited read depth. ASPIRE’s ability to function with sparse data makes 
it particularly valuable for studying cellular heterogeneity in development, disease progression, and treatment response. 
This advancement is a significant step toward understanding the complex role of alternative splicing in cellular functions 
and disease mechanisms.

Materials and methods

This section outlines the datasets and preprocessing steps, followed by a discussion of existing methods and our pro-
posed deep learning architecture.

Datasets overview

To ensure robust evaluation, we utilized three distinct data sources. The Genotype-Tissue Expression (GTEx) proj-
ect served as our primary dataset for model training and ’Gold Standard’ evaluation, utilizing downsampling to mimic 
single-cell depths while retaining bulk-derived ground truth. Additionally, we employed two independent real-world  
scRNA-seq datasets - Mouse Multiple Sclerosis (BRIE2 dataset) and Human hiPSC Differentiation (MARVEL dataset) - to 
benchmark performance against state-of-the-art tools under realistic experimental conditions.
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Primary training and evaluation data: GTEx v7

We used the Genotype-Tissue Expression (GTEx) version 7 project [31], a widely used genomic resource compris-
ing approximately 11,700 RNA-seq samples derived from 54 tissue sites across hundreds of patients. We specifically 
acquired RNA-seq data from hundreds of antemortem samples to mitigate bias across 51 tissues. All participants’ demo-
graphic and clinical characteristics are detailed in S5 Table.

For each RNA-seq sample, we computed Percent Spliced-In (PSI), a widely used metric for quantifying exon inclusion 
levels in alternative splicing events [32,33]. PSI is defined as:

	
PSI =

I
I + S

× 100,
	 (1)

where I represents the number of sequencing reads that indicate the exon is included in the transcript, and S denotes the 
number of sequencing reads that show the exon is skipped. This metric provides a percentage-based estimate of exon 
inclusion. In this study, we specifically focus on cassette exons (Fig 15). To calculate PSI values, we use Equation 1 on 
the provided junction table from the GTEx portal.

Gene expression levels were obtained from the GTEx portal and are presented as Transcripts Per Million (TPM).

Construction of pseudo–single-cell TPM datasets (500K, 100K and 10K)

To evaluate ASPIRE under sequencing depths characteristic of single-cell RNA-seq, we generated reduced-coverage ver-
sions of selected GTEx bulk RNA-seq libraries via systematic downsampling at the FASTQ level. For a fixed set of GTEx 
donors and tissues (S5 Table), we subsampled reads without replacement to fixed totals of 500,000, 100,000 and 10,000 
reads per sample using ’seqtk sample’. These subsampled libraries were quantified with Salmon [34] using the same ref-
erence as the full-depth data. We refer to these as pseudo–single-cell conditions: they approximate extreme sparsity but 
utilize the PSI estimates from the corresponding full-depth bulk RNA-seq as a stable ground-truth reference.

While subsampling bulk RNA-seq provides a controlled way to mimic reduced sequencing depth, it does not fully 
reproduce unique technical properties of true single-cell RNA-seq, such as molecule capture inefficiency and zero-inflated 
distributions. To address this, we supplemented our evaluation with the independent single-cell datasets described below.

External benchmark datasets

Mouse Multiple Sclerosis (BRIE2 dataset)

We obtained the multiple sclerosis mouse single-cell RNA-seq dataset (GSE113973) analyzed in the BRIE2 study [16]. 
BRIE2-derived PSI values, provided in the original publication, were used as a reference for benchmarking comparisons 

Fig 15.  Cassette exon (exon skipping) event in alternative splicing. The top panel shows the gene structure with three exons (yellow) separated 
by introns (dashed lines). The bottom panel illustrates two possible mature mRNA isoforms: one that includes exon i (green) and one in which exon i is 
skipped, resulting in direct splicing of exon i–1 to exon i + 1. Such an alternatively included exon is referred to as a cassette exon.

https://doi.org/10.1371/journal.pcbi.1014725.g015

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE113973
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involving this dataset, enabling assessment of concordance between ASPIRE and BRIE2. Raw FASTQ files were pro-
cessed using fastp [35] for quality control and trimming, followed by alignment to the mm10 reference genome (GEN-
CODE M18 annotation) using STAR [36]. The resulting BAM files were used as input to MARVEL (v2.0.5) [17], following 
the plate-based analysis tutorial (https://wenweixiong.github.io/MARVEL_Plate.html). Splice junction files were merged 
across samples, and splicing event nomenclatures were generated from rMATS [37] output and converted to MARVEL 
format. PSI values were computed using MARVEL’s ComputePSI function for skipped exon (SE) events with a minimum 
junction coverage threshold of 10 reads and an uneven coverage multiplier of 10, enabling direct comparisons among 
MARVEL, BRIE2, and ASPIRE. The same pipeline was applied to the GTEx downsampled datasets (500K, 100K, and 
10K reads), using identical parameters. Gene expression levels were quantified with Salmon [34], and the resulting TPM 
matrix served as the input for ASPIRE’s PSI prediction model.

Human hiPSC differentiation (MARVEL dataset)

We next evaluated ASPIRE on the human single-cell RNA-seq dataset profiling hiPSC differentiation toward definitive 
endoderm (PRJEB15062), initially analyzed in the MARVEL publication [17]. The PSI values reported by MARVEL [17] 
were extracted from the supplementary materials and used as a reference for comparison, allowing evaluation of agree-
ment between ASPIRE and MARVEL. FASTQ files were processed with fastp [35] and aligned to the hg38 genome (GEN-
CODE v28 annotation) using STAR [36]. The aligned BAM files were used to run BRIE2 (both brie-count and brie-quant) 
[16]. Gene expression values were quantified with Salmon [34], and the TPM table was used as input to ASPIRE.

Existing splicing analysis prediction methods

Low coverage in scRNA-seq poses significant challenges for PSI estimation, as many splicing events may be missed due 
to insufficient read depth. Various methods have been developed to analyze alternative splicing, predict splice-site usage, 
and estimate PSI values [38–47].

DeepPSI [14] represents a significant advancement in leveraging deep learning for PSI prediction by incorporating 
gene expression data. A notable feature of this approach is its use of a learned lower-dimensional embedding layer to 
address the complexity of inputs from numerous genes across diverse contexts. However, DeepPSI’s reliance on substan-
tial read depth and the absence of an active feature-selection mechanism can pose challenges, particularly for scRNA-
seq data, where read-depth constraints are typical. Building on the foundational ideas introduced by DeepPSI, the method 
proposed here addresses these limitations. Furthermore, our method yields higher-resolution PSI estimates by employing 
a regression-based approach rather than a classification strategy that categorizes PSI into discrete groups.

Another tool, Single Cell Analysis of Transcript Splicing (SCATS) [15], is designed to detect differential alternative 
splicing events using scRNA-seq data. It employs an exon-grouping strategy with or without unique molecular identifiers 
(UMIs). Despite its utility, SCATS does not model nonlinear relationships between features and lacks feature-selection 
capabilities.

MARVEL [17], an integrated platform for alternative splicing analysis in single-cell RNA-seq data, facilitates the charac-
terization of splicing landscapes at single-cell resolution. It is compatible with plate- and droplet-based sequencing meth-
ods and supports analyses of gene expression and splicing. However, MARVEL predicts PSI values for individual exons 
based on rMATS [37] output, a tool designed to detect differential alternative splicing from replicate RNA-Seq data. Many 
exons may receive NA values, resulting in sparse data that could limit their ability to capture comprehensive splicing pat-
terns. Additionally, it primarily focuses on pairwise comparisons of splicing across cell types, which may not accommodate 
studies that require broader comparisons. Like SCATS, MARVEL lacks advanced feature selection mechanisms. It does 
not account for nonlinear relationships among features, which may affect its accuracy in estimating PSI values in sparse 
or complex datasets. These limitations underscore the need for approaches, such as the one proposed in this study, that 
improve PSI prediction under challenging conditions, including low read coverage and sparse data.

https://wenweixiong.github.io/MARVEL_Plate.html
https://www.ncbi.nlm.nih.gov/bioproject/PRJEB15062/
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Specialized tools such as BRIE [16] and Outrigger [18] have significantly advanced PSI estimation directly from scRNA-
seq data. BRIE uses a Bayesian hierarchical model that integrates RNA-seq data with prior biological knowledge to 
estimate splicing isoform ratios. In contrast, Outrigger uses an innovative splice graph approach to infer PSI values from 
junction reads. While Outrigger has been successfully applied to scRNA-seq data, its performance is influenced by the 
inherent challenges of scRNA-seq, such as low molecular capture rates, uneven transcript coverage, and difficulties in 
capturing alternative splicing events closer to the 5’ ends of transcripts. These limitations can result in the under-sampling 
of minor isoforms or events in low-abundance genes. The method proposed here builds on these insights. It demonstrates 
improved PSI prediction performance under scRNA-seq constraints, particularly in limited-read-coverage and sparse-data 
settings, making it a valuable addition to the toolbox for analyzing single-cell splicing profiles.

A deep neural network model, SpliceAI [38], has been developed to predict splice junctions from pre-mRNA sequences. 
While SpliceAI accurately predicts splice sites, it does not account for PSI quantification. This limitation reduces its ability 
to directly predict metrics related to alternative splicing.

Our approach (ASPIRE) differs from existing methods by leveraging deep learning to accurately predict PSI from 
low-depth sequencing data typical of scRNA-seq. It maintains robust predictions by optimizing its model for low-
depth sequencing conditions. Additionally, ASPIRE incorporates an embedded feature-selection mechanism that 
enables it to focus on a minimal yet highly predictive subset of genes, thereby reducing computational complexity and 
enhancing interpretability. Furthermore, unlike methods that rely on exon-junction reads, ASPIRE bypasses these 
constraints by using gene expression values, making it a scalable, cost-effective solution for AS analysis in single-cell 
transcriptomics.

Problem setup and proposed model architecture

Our primary objective is to develop ASPIRE, a deep learning model explicitly designed for robust PSI prediction that 
addresses the unique challenges posed by scRNA-seq data. These challenges include the sparsity and high dimen-
sionality of gene expression data, as well as the typically low sequencing depth. Additionally, many genes are nuisance 
variables, introducing irrelevant or misleading signals that obscure biologically meaningful patterns. This can hinder model 
performance and complicate downstream analyses [48]. To mitigate these issues, we integrate feature selection into our 
model to identify a subset of relevant genes that predict PSI, thereby reducing the influence of nuisance genes while 
improving overall performance and interpretability.

Feature selection plays a crucial role in both machine learning and statistical analysis by identifying a subset of relevant 
features. This approach offers multiple benefits, including reduced experimental costs, improved model interpretability, 
increased computational efficiency, and better generalization to unseen data [29,49,50]. Feature selection techniques are 
commonly categorized into filter methods [51–56], wrapper methods [57–61], and embedded methods [62–64].

A widely used embedded method is LASSO (Least Absolute Shrinkage and Selection Operator) [22], which minimizes 
the loss while enforcing an ℓ1  regularization constraint on the learned feature weights:

	
min
θ

1
N

N∑
i=1

(θTxi – yi)2 + λ∥θ∥1.
	

However, LASSO can shrink model parameters excessively and fail to capture nonlinear relationships among features. 
Additionally, LASSO selects features based on feature weights, which may not always align with their actual predic-
tive importance, particularly in high-dimensional, noisy datasets such as scRNA-seq. To address these limitations, [23] 
proposed Stochastic Gates (STG), an embedded feature selection method that approximates ℓ0  regularization using a 
probabilistic relaxation. Unlike LASSO, which applies a uniform shrinkage penalty, STG enables dynamic, adaptive feature 
selection by learning the probability that each gene is relevant. This flexibility helps avoid excessive pruning of weak but 
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informative genes while still eliminating irrelevant features. Each feature selection variable is modeled as a clipped  
Gaussian-distributed random variable:

	 zd = max(0,min(1,µd + ϵd)), ϵd ∼ N (0,σ2).	

This allows ℓ0  regularization to be approximated in a differentiable form:

	
E[∥z∥0] =

D∑
d=1

P(zd > 0) =
D∑
d=1

(
1
2
–
1
2
erf

(
–

µd√
2σ

))
,
	

where erf(·) is the Gaussian error function.
Our model, ASPIRE, integrates STG-based regularization for PSI prediction. It consists of a multi-layer, fully connected 

neural network that incorporates stochastic gates in its input layer for gene selection. The prediction of the model is 
denoted as: fθ(xi ⊙ z) = ŷi, where xi ∈ Rg  represents the Transcripts Per Million (TPM) profile of the i-th sample, z ∈ {0, 1}g  
are stochastic gates controlling feature selection, and ŷi ∈ Re  is the predicted PSI vector.

The training objective combines Mean Squared Error (MSE) loss with STG-based regularization:

	
L = E[

1
N

N∑
i=1

∥yi – fθ(xi ⊙ z)∥22 + λ∥z∥0].
	

The first term ensures accurate PSI prediction, while the second promotes feature selection. Unlike ℓ1  regularization, 
which uniformly shrinks all feature weights, this approach selectively prunes irrelevant genes by pushing their gate param-
eters µd  toward negative values, ensuring that only the most informative‌‌ genes contribute to the prediction.

Supporting information

S1 Table. Gene panel: cassette exon coordinates genome references. Cassette exon coordinates in human (hg38) and 
mouse (mm10) for the nine-gene evaluation panel (CLSTN1, PTBP1, PTBP2, ADD3, MAPT, APP, CAMK2D, BIN1, NUMB).
(XLSX)

S2 Table. Per-exon correlation results for the gene panel. Pearson correlation coefficients, p-values, MSE, and sam-
ple counts for all exon-dataset-method combinations evaluated in the gene panel analysis.
(CSV)

S3 Table. Selected genes for the CLSTN1 exon model. List of genes selected by ASPIRE’s Stochastic Gates (STG; 12 
genes) and by LASSO (13 genes) for prediction of PSI values for exon 3 of the CLSTN1 gene (chr1:9756481–9756510, 
GRCh38).
(XLSX)

S4 Table. Gene pools used for PSI prediction comparison. Gene lists for the four gene pools compared in Fig 10: 
RNA-binding proteins, AS-relevant RBPs (curated from Tao et al. [26]), housekeeping genes, and random protein-coding 
gene sets.
(XLSX)

S5 Table. Clinical characteristics of all study participants. Summarizes the clinical characteristics of all study partic-
ipants. The data, extracted from the Genotype-Tissue Expression (GTEx) project (version 7), include RNA-seq samples 

https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014725.s001
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014725.s002
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014725.s003
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014725.s004
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014725.s005
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collected across 51 tissue types. These data supported appropriate cohort selection and helped mitigate potential biases 
due to biological variability among samples.
(XLSX)

S1 Fig. BRIE2-derived PSI and ASPIRE-predicted PSI values for representative exons. The three subplots (left to 
right) correspond to the top three exons with the highest correlation between ASPIRE predictions and BRIE2-derived 
PSI values: ENSMUSG00000027012.AS2 (correlation = 0.7901, MSE = 0.0005), ENSMUSG00000022892.AS2 (correla-
tion = 0.7539, MSE = 0.0506), and ENSMUSG00000022892.AS3 (correlation = 0.6156, MSE = 0.0362). Correlation and 
MSE values are computed between ŷ and y.
(TIF)

S2 Fig. MARVEL-derived PSI and predicted PSI values from ASPIRE and BRIE2. The two subplots illustrate rep-
resentative exons in which either ASPIRE or BRIE2 achieves superior agreement with the MARVEL-derived reference. 
Left: exon chr1:45606482–45606591, where ASPIRE outperforms BRIE2 (ASPIRE: r = 0.447, MSE = 0.0648; BRIE2: 
r = –0.663, MSE = 0.3010). Right: exon chr5:80637883–80638009, where BRIE2 outperforms ASPIRE (BRIE2: r = 0.709, 
MSE = 0.0005; ASPIRE: r = 0.064, MSE = 0.0366). Correlation and MSE values are computed between predicted PSI val-
ues ŷ and MARVEL-derived reference PSI values y.
(TIF)

S3 Fig. PSI prediction correlation heatmap - all exons. Same layout and color scale as Fig 6, but showing all individual 
cassette exons rather than one per gene. Rows are grouped by gene and sorted within each gene by descending ASPIRE 
correlation at full GTEx depth. Exons with no computable correlation in any dataset are excluded.
(TIF)

S4 Fig. Random 12-gene baseline for the CLSTN1 exon model. Distribution of held-out Pearson correlations from 
1,000 randomly sampled 12-gene subsets (grey histogram), compared with the ASPIRE-selected 12-gene set (red vertical 
line, r = 0.946) and the LASSO-selected 13-gene set (blue vertical line, r = 0.880). Random subsets achieved a mean cor-
relation of r = 0.698; none reached the performance of the ASPIRE-selected set.
(TIF)

S5 Fig. Reliability of ASPIRE predictions as a function of Monte Carlo dropout uncertainty. Predictions (N = 926 
test samples pooled across folds) were stratified into five equal-count bins by their uncertainty, measured as the stan-
dard deviation across 100 stochastic forward passes. Left: Pearson correlation between predicted and ground-truth PSI 
decreases monotonically from r = 0.94 in the lowest-uncertainty bin to r = 0.64 in the highest. Right: prediction error (RMSE 
and MAE) increases correspondingly from 0.12 to 0.23 (RMSE). Predictive uncertainty correlated significantly with abso-
lute error (Spearman ρ = 0.27, p = 1.6× 10–16 ).
(TIF)
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