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Abstract

Context-dependent regulation of alternative splicing (AS), largely mediated by RNA-binding
proteins (RBPs), is a key post-transcriptional mechanism shaping diverse biological processes.
Experimental approaches for probing splicing regulation, such as CLIP-based assays and RBP
perturbations, suffer from low throughput, poor physiological relevance, and bulk resolution that
overlooks cellular heterogeneity. Here, we present CASREL (cell-specific alternative splicing
regulation inference via explainable learning), a machine learning framework that reconstructs
RBP-AS regulatory circuitry directly from single-cell RNA sequencing data without reliance on
prior RBP-RNA binding annotations. CASREL integrates ensemble learning with SHAP-based
interpretation to uncover RBP-AS associations, leveraging unique features of single-cell splicing
profiles, including polarized isoform usage, minimal averaging of regulatory programs, and
resilience to expression noise. Applications across diverse tissues and cell types demonstrate its
robustness, accuracy, and biological relevance, establishing CASREL as a powerful method for de

novo mapping of cell-specific RNA splicing regulation in physiological contexts.
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Introduction

The sophisticatedly regulated alternative splicing (AS) is a fundamental mechanism that expands
transcriptomic and proteomic diversity in eukaryotes by enabling context-dependent plasticity
of gene expression [1]. Over 90% of human multi-exon genes undergo AS [2]. By selectively
utilizing splice sites, AS modulates protein structure [3], localization [4, 5], stability, and function
[6], thereby playing critical roles in physiological processes such as cell differentiation and tissue
development. Dysregulation of AS has been widely associated with numerous diseases, including

cancer, neurological diseases, and metabolic disorders [1, 7, 8].

Systematically dissecting the context-specific splicing regulation programs remains a major
challenge [9]. Splicing regulation is inherently complex, being shaped by both cellular contexts
and physiological conditions [10]. AS patterns arise from intricate interactions between cis-

regulatory RNA elements and trans-acting factors, particularly RNA-binding proteins (RBPs) and



other associated cofactors [11]. The regulatory mechanisms vary substantially across cell types,
developmental stages, and environmental conditions [12-14], highlighting the needs for

systematic strategies to decode context-dependent, cell-specific AS regulation programs.

Experimental methods have provided valuable insights into RBP-mediated AS regulation. CLIP-
based assays map RBP-RNA interactions, but their application is limited by availability of high-
quality RBP antibodies, lack of information on regulatory directionality, and high cell-input
requirements [15]. Perturbation-based AS profiling reveal changes in splicing patterns upon RBP
knockdown, but with difficulties in differentiating direct and indirect splicing regulations. Both
approaches are low-throughput and typically restricted to a few preselected RBPs in limited
model cell lines, making them unsuitable for dissecting global AS regulatory programs in
physiological contexts. Moreover, these bulk cell-based assays lack the resolution to resolve
regulatory circuits in specific cell subpopulations, thereby overlooking both cellular
heterogeneity of AS regulation in complex tissues and its dynamic shifts during tissue

development or disease progression.

Single-cell RNA sequencing (scRNA-seq) offers transformative opportunities by resolving splicing
heterogeneity at cellular resolution [16, 17]. Unlike bulk RNA-seq, where mixed isoforms obscure
cell-specific AS programs, single-cell data often exhibit polarized splicing distributions, with
transcripts from a gene dominated by a single isoform [16, 17]. Such polarized AS patterns likely
reflect dominant, cell-specific regulatory programs that underpin finely tuned tissue
development and specialized cellular functions [18]. Moreover, because single-cell AS profiles
are based on isoform ratios, they are inherently resistant to gene expression fluctuations due to
technical variations and transcription bursts. Together, these properties make single-cell AS

landscapes a clean and highly informative resource for inferring splicing regulation [17].

Here, we present CASREL (cell-specific alternative splicing regulation inference via explainable
learning), a machine-learning framework for reconstructing RBP-AS regulatory circuitry directly
from scRNA-seq data. CASREL combines ensemble learning to predict single-cell AS profiles from
RBP expression with SHAP-based model interpretation to extract the most influential RBP-AS
relationships. Unlike conventional approaches that rely on prior knowledges such as RBP-binding
motifs or CLIP-seq annotations of RBP-RNA interactions, CASREL leverages the unique advantages
of single-cell splicing data for de novo, cell type-specific reconstruction of RBP-AS regulatory
circuitry within complex tissues, which is unattainable with bulk RNA-seq. Applications across

diverse scRNA-seq datasets from tumors, immune cells, and brain cells demonstrate that CASREL



not only predicts splicing patterns with high accuracy, but also uncovers biologically relevant RBP-
AS relationships, many supported by RBP perturbation experiments. Together, these results
establish CASREL as a robust framework for elucidating the dynamic and context-dependent

control of alternative splicing under physiological conditions.

Results

The CASREL framework for dissecting RNA splicing regulation from scRNA-seq data

Compared with bulk RNA-seq, single-cell RNA-seq provides unique advantages for mining of RNA
splicing regulation circuits, including (1) large sample sizes at single-cell resolution, (2)
pronounced cell heterogeneity producing high statistical power, and (3) polarized AS profiles
reflecting dominant, cell-specific splicing programs. CASREL is designed to leverage these

properties to identify cell type-specific regulators of individual AS events, with a focus on RBPs.

CASREL adopts an interpretable machine learning strategy with a three-phases workflow: data
preprocessing, AS modeling, and model interpretation (Fig. 1). (i) Data preprocessing. AS events
are first identified de novo and quantified as splicing probabilities per cell from scRNA-seq data
(typically SMART-seq), with our previous single-cell AS clustering approach SCASL [17]. Given the
polarization of single-cell AS probabilities [17, 19], these values are discretized into 4 categories:
non-spliced (splicing probability < 0.4), neutral (0.4-0.6), spliced (> 0.6), and NA (missing coverage)
(Fig. 1). Such categorization reduces technical noise from sparse read counts. It explicitly treats
missing AS probability data as a separate class, reflecting potential biological relevance of single

cell-specific transcription stochasticity [2, 20].

(ii) AS modeling. For each AS event, CASREL trains a predictive model using RBP expression as
input features and categorical AS profiles as outputs (Fig. 1). We employ gradient boosting
decision trees (GBDT) implemented in LightGBM [21], an ensemble learning model well suited
for sparse, imbalanced, and high-dimensional data [22-24], which also offers strong
interpretability [25]. The LightGBM framework allows efficient selections of information-rich
samples and features through Gradient-based One-Side Sampling (GOSS) and Exclusive Feature
Bundling (EFB) (Methods for details). In addition, LightGBM natively supports categorical AS
values, avoiding the sparsity issues of one-hot encoding [21]. Model robustness is further ensured

by k-fold cross-validation, where mutually exclusive training and test datasets are used to train k



independent GBDT models (Fig. 1). Consensus across all these models prevents information

leakage, reduces overfitting, and enhances generalization to unseen data.

(iii) Model interpretation. The GBDT models trained above are interpreted using SHAP (SHapley
Additive exPlanations) [26], a game theory-based framework that attributes predictive outcomes
to individual RBPs (Fig. 1). This framework generates a three-dimensional SHAP matrix capturing
the contribution of each RBP to each AS category for each single-cell sample. By aggregating SHAP
values within particular cell types, CASREL quantitatively identifies high-impact RBP-AS
associations, which constitute the cell type-specific splicing regulatory circuitry (See Methods for

details).

Figure 1
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Figure 1. Overview of CASREL.

Schematic of CASREL, which takes single-cell RBP expression profiles and AS profiles as input to
reconstruct RBP-AS regulatory circuitry. The pipeline is composed of 3 major steps: 1) Data
preprocessing, 2) Modeling of single-cell AS profiles, and 3) Model interpretation to infer RBP-AS
regulations.

Benchmarking the CASREL pipeline built on different models

A key component of CASREL is the machine learning model used to fit AS profiles with RBP
expressions (Fig. 1). Here, we benchmarked the CASREL pipelines built on three widely used
models: logistic regression (LR), a fully connected neural network (FCN), and gradient boosting
decision trees (GBDT). First, using identical datasets and training schemes, we evaluated the AS
prediction accuracies of the three models on 4 datasets, including two TNBC tumor cell datasets
(TNBC-1 and TNBC-2), hepatocellular carcinoma (HCC) tumor immune cells, and mouse brain cells
(from Smart-seq2 for the first three, 10X for the last). Each dataset was split into 80% training
and 20% testing. Predictions of categorized AS profiles with normalized RBP expressions were
compared to ground-truth. Both GBDT and FCN substantially outperformed LR, with GBDT
achieving the highest accuracy in several datasets (Fig. S1A), indicating limited capability of the

simple logistic regression model to capture complex nonlinear RBP-AS relationships.

We next assessed the interpretability of the three models, which is critical for inferring splicing
regulators. LR coefficients approximate RBP-AS associations in the LR model, while SHAP values
guantify contributions of individual RBPs to AS profiles in FCN and GBDT. Across all 4 datasets,
only GBDT produced SHAP values with a long-tail distribution, indicating that a small subset of
RBPs exert strong influence in shaping the AS landscapes (Fig. S1B).

We further compared the specific RBP-AS associations inferred by the three models. For example,
CDA44s, generated by exon 6-14 skipping in CD44, is a prognostic marker for malignancy and
regulates cell adhesion and migration [27]. From the TNBC-1 dataset, LR and FCN inferred both
promotive and inhibitory effects of the same RBPs on the formation of CD44s (Fig. 2A). This
pattern was not unique to CD44s. Across all four datasets, over 80% of RBPs were inferred to
exert contradictory effects on individual AS events (Fig. 2B), which is biologically implausible. For

LR, this likely stems from its inability to capture nonlinear, multi-plex regulation of RNA splicing.



For FCN, this may result from the limited interpretability and potential overfitting of a complex

model with small-scale data.

By contrast, GBDT inferred predominantly monotonic effects for the majority of RBPs on specific
AS events (Fig. 2B). For instance, the CASREL pipeline based on GBDT identified mutually exclusive
RBPs that either promoted or inhibited the formation of CD44s (Fig. 2A). Among them, ESRP1
(repressor) [28], HNRNPL (activator) [29], and HNRNPM (activator) [30] (Fig. 2A) have been
previously established as potent regulators of CD44s in breast cancer cells, thereby regulating

epithelial-mesenchymal transition (EMT).

Based on the analyses above, we adopted GBDT as the core model for CASREL. With k-fold cross-
validation (k=5), all models showed high accuracy in predicting AS (CV < 0.5% for AS categories,
Fig. S2A), and the SHAP values were also highly consistent (Fig. S2B), underscoring CASREL’s
robustness. Finally, we assessed the performance of CASREL across varying cell numbers by
down-sampling the original datasets. CASREL maintained robust performance with hundreds of
cells (>400 cells recommended), as reflected by both AS prediction accuracy (Fig. S3A) and
monotonic RBP effects on specific AS events (Fig. S3B). Importantly, most RBP-AS regulatory
circuits inferred from as few as 400 cells were preserved with larger cell numbers (Fig. S3C),
indicating that CRASEL reliably identify AS regulators from relatively small datasets. This
underscores its utility for resolving cell- or subtype-specific splicing regulation programs when

sample sizes are limited, though the minimal cell number requirement may vary across datasets.
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Figure 2. Evaluation of model interpretability for inference of splicing regulators.



(A) Contributions of regulatory RBPs to CD44 exon 6—14 skipping across three models: linear
regression (left), FCN (middle), and GBDT (right). Positive (red) and negative (blue) values
represent promotion or inhibition of exon skipping, respectively. RBPs are ranked by contribution
magnitude. Top and bottom panels display the ten strongest RBPs promoting exon inclusion or
exon skipping. Literature-validated CD44s regulators are highlighted in red.

(B) Percentages of RBPs exhibiting monotonic regulatory effects on AS events as predicted by
CASREL based on different models applied on four datasets. Violin plots with box plots show the
percentage distributions for all AS events. Statistical significance was determined using two-sided
Wilcoxon rank-sum tests.

Validations of the RBP-splicing regulation circuitry inferred by CASREL

We validated the RBP-AS regulatory circuits inferred by CASREL using RNA-seq data from HepG2
(hepatocellular carcinoma) and K562 (chronic myeloid leukemia) cells upon knock down of 262
RBPs from the ENCODE project [31]. Differential splicing events induced by RBP knockdown were
compared with CASREL predictions across 9 datasets. For most RBPs, the regulatory target
validation rates ranged from 45% to 75% across diverse contexts (Fig. 3A). Random permutations
of the RBP-AS circuitry reduced validation rates to ~10% or lower (Fig. 3A), demonstrating the
specificity of CASREL predictions. As an additional reference, we examined CLIP-seq datasets of
54 RBPs from POSTAR3 [32]. For many RBPs, only small proportions of their binding target RNAs
exhibited differential splicing upon RBP knockdown in HepG2 or K562 cell (Fig. 3A), showing lower
validation rates than CASREL predictions (Fig. 3A). These results suggest that CLIP-derived binding
annotations do not necessarily indicate splicing regulation, as expected given the complexity of

splicing regulation and off-targets inherent to CLIP-seq [33-35].

Notably, the validation datasets were from K562 and HepG2 cells, which differ from most cell
types in the scRNA-seq datasets used for CASREL inference of AS regulatory circuits. In fact, cross
validation between the AS events upon RBP knockdown in K562 and HepG2 yielded only 40-65%
overlap (Fig. S4). Thus, given the cell type- and context-dependence of splicing regulation, the
validation rates observed for CASREL predictions already provide strong support for its

robustness in capturing context-specific AS regulators directly from scRNA-seq data.

Furthermore, we assessed CASREL predictions against RBP-RNA binding profiles from CLIP-seq of
97 RBPs [32], assuming that splicing regulation often requires direct binding. Supporting rates,
defined as the proportion of CASREL-predicted targets with CLIP-detected binding of the RBPs,
ranged from 10% to 60% across datasets (Fig. 3B), which dropped sharply upon random shuffling



of the RBP-AS circuitry (Fig. 3B). Nevertheless, by design, CASREL also captures RBP-AS regulation
without direct RBP-RNA binding, potentially mediated via cofactors, thereby providing a more

comprehensive view of the splicing regulatory landscape.

Finally, we compared CASREL with existing computational approaches, including SFpointer [36],
Sparse Adjusted Motif-Adjusted Motif (SAM-AM) model [37], and DeepRBP [38]. Benchmarking
across 9 datasets demonstrated that CASREL outperformed existing methods in both AS
prediction accuracy and validation rates against RBP knockdown data (Fig. 3A, C). Notably,
although DeepRBP accurately predicted AS profiles with bulk RNA-seq of tumor samples in TCGA
(Fig. 3C), its predictions of RBP regulators for AS events were poorly supported by RBP knock-
down experiments (< 25%), far below CASREL (Fig. 3A). Importantly, both SAM-AM and SFpointer
rely on prior knowledge such as CLIP binding sites or sequence motifs and thus cover only a
limited subset of RBPs. Together, these analyses highlight CASREL’s unique capability to achieve
both broad coverage and high-resolution discovery of de novo, cell type-specific splicing

regulators.
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Figure 3
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Figure 3. Experimental validations of the RBP-AS circuitry predicted by CASREL.

(A) Validation of CASREL predictions by RBP knockdown experiments. Violin plots and embedded
box plots show the distributions of validation rates for CASREL predictions (9 datasets), existing
computational methods, and RBP-RNA binding events identified by CLIP-seq data (2 cell lines).
For each method, experimental validation (left) is compared with random controls (right;
generated by randomly assigning the same number of AS events per RBP). For each data point in
the violin plots, the y-axis indicates the proportion of predicted AS events for a given RBP that
exhibit significant splicing changes (|APSI| > 0.1, FDR < 0.05) upon RBP knockdown in K562 or
HepG2 cells. The number of RBPs subjected to knockdown experiments and included in each plot

is indicated above.

11



(B) Percentages of RBP-AS circuits in 12 datasets supported by CLIP-seq experiments. For each
dataset, CASREL predictions (left) are contrasted with a null distribution (right) generated by
random reassignment of AS targets while preserving target counts for each RBP. The y-axis shows
the fraction of AS events per RBP with CLIP-seqg-validated binding. Numbers above indicate the
number of RBPs with CLIP-seq data.

(C) Violin plots show splicing profile prediction accuracy on held-out test sets for CASREL (yellow,
9 datasets) and DeepRBP (purple). Accuracy of AS profile predictions were evaluated using
consistent metrics and normalized across methods (see Methods). Numbers above each violin
plot indicate the sample size, i.e., numbers of AS events.

Applications of CASREL in inferring cell-specific AS regulatory circuitry

To delineate cell-specific splicing regulatory programs, we applied CASREL on single-cell RNA-seq
data from different tumor-infiltrating immune cells in HCC [39] and CRC [40]. As expected, the
RBP-AS regulatory circuits inferred by CASREL displayed substantial heterogeneity across cell
types (Fig. S5A), consistent with the well-recognized variability of splicing regulation across cell
types, tissues, and environmental contexts [12, 41]. Notably, the same cell types (e.g., CD4* or
CD8* T cells) from HCC and CRC tumors in independent studies showed greater similarity in their
RBP-AS circuits than different cell types from the same tumor microenvironment (Fig. 4A, S5B),

highlighting both the accuracy and low batch bias of CASREL.

We examined the splicing regulation of STAT3 transcripts in T cells as an example. As a key
mediator of IL-6 signaling and regulator of cell proliferation and anti-tumor immunity [42], STAT3
has two major isoforms: the full-length oncogenic STAT3a and tumor-suppressive STAT3f
generated by exon 23 skipping [43] (Fig. 4B). CASREL identified both conserved and cell type-
specific regulators of STAT3B formation in HCC and CRC tumor-derived T cells, most of which
have been reported in literature or supported by RBP knockdown experiments (Fig. 4C, D).
Among the conserved regulators in both CD4* and CD8* T cells from HCC and CRC tumors, PCBP1
strongly promoted STAT3B formation, consistent with prior evidence that PCBP1 binds STAT3
exon 23 to enhance STAT3p generation in multiple cell lines [44] (Fig. 4C, D). GRSF1 and TRA2A
acted as inhibitors of STAT3p, supported by RBP knockdown data in ENCODE (Fig. 4C, D, S6). Cell
type-specific regulation patterns also emerged, showing promotive or inhibitory RBPs only in
CD4* or CD8* T cells (Fig. 4C, D). For example, PCBP2, which shares similar RNA-binding
preferences with PCBP1 [45], inhibited STAT3p formation selectively in CD8* T cells. Notably, the
regulators of STAT3[B in CD4* and CD8* T cells are highly consistent between HCC and CRC (Fig.

12



4E, F), supporting the cell type-dependency of RBP—AS regulation while indicating minimal batch
bias in CASREL.

Figure 4
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Figure 4. Cell type-specific RBP-splicing regulatory circuits in tumor microenvironments.

(A) Heatmap showing consistency of CASREL-predicted RBP-AS circuit between CD8* and CD4* T
cells across different tumor microenvironment datasets. Color intensity reflects the proportion
of shared circuits normalized to the reference cell type (horizontal axis).

(B) Schematic of alternative splicing at STAT3 exon 23, generating STAT3a and STAT3p isoforms.

(C, D) SHAP-derived regulatory effects of RBPs in CD4+ versus CD8+ T cells from CRC (C) and HCC
(D) tumor microenvironments. Positive SHAP values denote promotion of STAT3p inclusion, and
negative values indicate inhibition. RBPs are color-coded by validation: red, literature-validated
STAT3B regulators; blue, RBPs functionally validated via knockdown in HepG2/K562 cells.

(E, F) Scatter plots illustrating the distribution of SHAP values for predicted STAT3p regulators in
(E) CD8* and (F) CD4* T cells across CRC and HCC contexts. Axes represent SHAP values derived
from HCC (x-axis) and CRC (y-axis) analyses. RBP coloring reflects validation status as in (C, D).

Discussion

Cell type-specific AS programs are major drivers of splicing heterogeneity across tissues,
developmental stages, and microenvironmental conditions. Deciphering these programs is
therefore essential for understanding the post-transcriptional machineries underlying key
biological processes. However, most existing computational approaches rely on CLIP-derived
binding annotations or predefined RBP binding motifs, thereby being restricted to a few
preselected RBPs in limited model cell lines. Moreover, bulk RNA-seq averages across
heterogeneous populations, diluting signals from both RBP expression and AS events [46] and
masking cell type-dependent RBP-AS regulatory machineries [47]. To overcome these limitations,
CASREL leverages the unique properties of scRNA-seq for de novo, cell type-specific inference of
RBP-AS regulation circuits without prior knowledge of RBP functions, RNA-binding motifs, or CLIP

annotations.

Single-cell transcriptomics, particularly full length-coverage sequencing platforms like Smart-seq,
enables joint profiling of both gene expression and AS landscapes at single-cell resolution. Unlike
bulk RNA-seq, where AS signals are averaged across heterogeneous populations, single-cell
splicing profiles often display polarized patterns, with most genes dominated by a single
transcript isoform [17]. This may reflect temporal coupling between transcription bursts and RNA
splicing. During short periods of transcriptional bursts, spliceosome assembly likely occurs within

narrow time windows that may allow a single dominating regulatory machinery [48]. This model
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is supported by live-cell imaging, which demonstrates synchronized splicing kinetics during
transcriptional bursts [49], and explains the reduced splicing complexity captured in single-cells
compared to population-level averages. Moreover, transcriptional bursting itself may serve as a
tunable mechanism for cell type-specific splicing, in which burst kinetics could be reprogramed

in specialized cells to favor slower-acting regulatory complexes on weak cis-elements [50].

The unique features of single-cell RNA-seq data confer two key advantages for splicing analysis:
(i) cleaner AS profiles presumably capturing dominant regulatory schemes, and (ii) direct access
to cell type-specific splicing landscapes. Designed to leverage these unique advantages, CASREL
integrates single-cell splicing profiles with RBP expression data, using machine learning to predict
AS states and identify context-specific RBP-AS associations. This framework applies a novel four-
state discretization strategy, which (i) accommodates the strong polarization of single-cell
isoform usage, (ii) mitigates the inherent sparsity of single-cell data with from high dropout rates,
and (iii) preserves potential biological information encoded in the pattern of data dropouts [2,
20].

Multiple lines of evidence support the robustness of CASREL. It performs consistently across
diverse cell types and tissues, with predictions validated by RBP knockdown experiments and
CLIP-seq data. Importantly, CASREL reveals pronounced context-dependent variation in splicing
regulation, underscoring the critical role of cellular states and environment factors in shaping
splicing landscapes. Such AS regulatory complexity is largely obscured in bulk RNA-seq analyses,

highlighting the unique power of single-cell resolution for dissecting AS regulatory circuitry.

In conclusion, CASREL provides a powerful framework for reconstructing splicing regulatory
circuitry at single-cell resolution, offering a comprehensive view of context-dependent splicing
regulation. Further extensions could incorporate additional regulatory factors of RNA splicing,
such as non-coding RNAs, chromatin accessibility, or post-translational modifications of RBPs.
Coupled with emerging technologies like spatial transcriptomics, CASREL has the potential to map
splicing regulation within tissue architecture, offering deeper insights into the interplay between

splicing programs and cellular phenotypes.
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Methods

Data Source

Nine sets of single-cell RNA-seq data generated by the SMART-seq platform and 10X platform
were downloaded from the NCBI SRA Database (Table S1). These datasets were previously
published for studies of TNBC, NSCLC, tumor-associated immune cells, mouse embryonic liver
and brain. The raw reads were mapped to the reference genomes (human hgl9 or hg38s,
according to the original studies, or mouse mm10) with hisat2, generating BAM files. SCASL was

then used to obtain the AS profiles of these samples from the BAM files.

In addition, we obtained RBP binding site information from the publicly accessible database
POSTAR3[32]. POSTAR3 encompasses an extensive collection of 1499 CLIP-seq datasets,
representing 348 RBPs. These datasets span across 10 distinct CLIP-seq technologies, namely
HITS-CLIP, PAR-CLIP, iCLIP, eCLIP, iCLAP, urea-iCLIP, 4sU-iCLIP, BrdU-CLIP, Fr-iCLIP, and PIP-seq.
The data covers seven species, including human, mouse, zebrafish, fly, worm, Arabidopsis, and
yeast. Notably, POSTAR3 is the most comprehensive and up-to-date database that consolidates

RBP binding site information from various CLIP-seq technologies and multiple species.

The RNA-seq data utilized in this study, obtained from the ENCODE database, consists of
transcriptome sequencing following the independent knockdown of 356 RBPs in two human cell
lines: K562 (chronic myeloid leukemia cell line) and HepG2 (hepatocellular carcinoma cell line).
To align the raw sequencing data and generate a BAM file, we employed hisat2 and hg38 as the

reference genome.

AS profiles are generated from BAM files using SCASL, allowing us to obtain the AS probabilities
of all samples. Additionally, we utilized featureCounts to extract the expression information from

the BAM file, enabling us to generate the gene expression profile for each sample.

The CASREL pipeline

Data preprocessing

Discretization of AS profile: In single-cell AS profile, AS probabilities represented as relative
abundance values ranging from 0 to 1, with a majority of data exhibiting a polarized distribution.

For each splicing event, the AS probability value was converted into one of the following
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classifications: non-spliced (splicing probability < 0.4), neutral (0.4-0.6), spliced (> 0.6), and NA

(missing coverage).

k-fold partition of datasets: To enhance the reliability and stability of RBP-AS regulatory pairs, we
utilized a five-fold cross-validation (k=5) approach, dividing all samples in the dataset into five
equal parts. In each iteration, one part was selected as the testing set while the remaining four
parts served as the training set. This ensured that each training and testing set combination was
distinct. This method is widely applied in computer science and machine learning to evaluate
model performance and mitigate the risk of overfitting. For each AS event, we trained a model

on each training set group, resulting in five different predictive models.

Modeling for AS event

GBDT: We use GBDT (Gradient Boosting Decision Trees) as a prediction model for categorical AS
profiles from RBP expressions. The training iteration process of gradient boosting can be

described as the following greedy optimization algorithm:

1) Learning the simplest constant model:

Fo(@) = argmin, > L(vi,¥) ()

2) Ilterating for m times: the following process is performed to learn a series of weak learners,
denoted as h,,, such that their sum forms an ideal ensemble model. In gradient boosting
algorithm, weak learners or base learners are small models used to fit the model prediction
residuals in each iteration. The weak learners employed by GBDT are decision tree models.

For the m-th step, the optimization objective is to minimize the residual as follows:

Fn() = Fn a0 =¥ ) Vi L P (50) @

This is an intractable functional optimization problem that cannot be directly solved. Therefore,
GBDT tackles this problem using a two-step coordinate gradient descent approach. Specifically,
the loss function is treated as a function of the ensemble learning model obtained in the previous
step, F,,—1 (x), and pseudo-residuals are computed by calculating the gradients. According to the
definition of gradients, they represent the specific direction and relative magnitude of the

residual for each sample:
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fori=1,-,n (3)

_ aL(qu(xl))
im = 9F (xp)

L(x)=Fm-1(x)

Next, we employ the conventional gradient descent algorithm to solve for a weak learner h,,, (x)
that fits the computed pseudo-residuals. Since the pseudo-residuals represent the direction and
relative magnitude of the residuals, we need an appropriate regularization multiplier y,, to scale
them. It is worth noting that this multiplier can be obtained by solving a one-dimensional

optimization problem

n

Y = argming > L(s Fns () + Y (1) @

i=1
Next, we integrate the newly obtained weak learner into the model by weighted summation:

Fn(x) = Fpoq(X) + Yimhyym (%) (5)

Light GBM: In our study, we specifically employed LightGBM as the implementation of GBDT.
LightGBM incorporates improvements and optimizations over the basic GBDT framework, aiming
to enhance training and prediction efficiency while reducing memory usage [21]. Specifically,

LightGBM possesses the following characteristics:

1) Histogram-based binning strategy: LightGBM adopts a histogram-based decision tree
algorithm that discretizes continuous features into bins, introducing regularization through bin
guantity control while reducing feature dimensionality, significantly decreasing computational
and memory overhead. To optimize training efficiency while preserving information gain fidelity,
LightGBM implement Gradient-based One-Side Sampling (GOSS). This technique leverages the
established principle that samples with larger gradient magnitudes exert disproportionately high
influence on information gain calculations. To address the computational challenges of high-
dimensional sparse feature spaces, LightGBM implement Exclusive Feature Bundling (EFB). This
technique exploits the observation that in many sparse datasets, multiple features exhibit mutual
exclusivity (i.e., they rarely take non-zero values simultaneously). EFB reduces dimensionality by
strategically bundling such exclusive features into composite features through a two-phase
process: First, a greedy approximation algorithm identifies near-optimal bundles by iteratively
grouping features with minimal conflict counts, circumventing the NP-hard nature of the optimal
bundling problem. Subsequently, a value reassignment procedure merges features within each

bundle by offsetting their original value ranges. For example, features with ranges [0, 10] and [O,
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20] are merged into a new feature with range [0, 30], where original values of the second feature
are mapped to [10, 30]. This offset-based merging guarantees zero information loss while

eliminating histogram computation conflicts during gradient boosting operations.

2) Leaf-wise growth strategy: In contrast to traditional level-wise growth strategies, LightGBM
employs a leaf-wise growth strategy. It selects nodes that minimize the loss the most for splitting,

thereby enhancing training efficiency.

3) Support for parallelization: LightGBM efficiently handles large-scale data and supports parallel

processing, resulting in improved training speed.

The features above enable us to rapidly train a large number of high-performing and
interpretable GBDT models. Due to the similarity between decision trees and human decision-
making processes, decision trees offer strong interpretability. However, if decision trees become
overly complex (e.g., deep trees with numerous splitting features), they are prone to overfitting.
Gradient boosting, as an ensemble learning algorithm, significantly reduces the degree of
overfitting. In gradient boosting, to keep the training cost of weak learners low and ensure model
simplicity while reducing the risk of overfitting, trees are typically limited to 4 to 8 levels. This
restriction is achieved by penalizing tree depth through a regularization loss term. Additionally,
other regularization terms can be employed to limit the complexity of each tree from different

aspects, such as penalizing excessive numbers of leaf nodes.

Model interpretation

SHAP value: Based on game theory, SHAP (SHapley Additive exPlanations) assigns a value to each
feature to represent its contribution to the model output [26]. Its principle is to compute the
contribution of a feature to the model output when it is added as a predictor. By employing a
greedy algorithm that progressively adds features, SHAP values can be represented as

parameters of a linear explanation model:

M
gx) = b + Z b; x; (6)

In classical game theory, SHAP values can be computed as follows:

ISILAN] =151 = D!
IN|!

¢:(f) = [fSU{ih) - )] (7)

ScN-{i}
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where N represents the set of features, S is any subset that does not include feature i, f(S)
represents the model's output when using feature set S (taking the expectation for the excluded

feature), and f(S U {i}) represents the model's output when including feature i.

Calculation of SHAP values for tree ensemble models: For tree ensemble models, the calculation
of SHAP values involves traversing the nodes of the decision trees and considering the
contribution of each node to the model's output. The SHAP value calculation method mentioned
in reference [51] employs a weighted path algorithm, which fundamentally involves summing the
weighted contributions of each feature along each decision path to obtain the SHAP values for
each feature.

¢:(f) = (8)

1
— A
: f.p
[
£ O
In this context, ¢;(f) represents the SHAP value of feature f for sample I. [1(i) denotes the set
of all decision paths that include sample i, where the cardinality of II(i) represents the

cumulative weight of each path. A¢ ), signifies the variation of feature f along path p.

Aggregation of SHAP Values: After obtaining the per-sample, per-class, and per-feature SHAP
values, we performed an aggregation operation to obtain accumulated SHAP values across all
samples and classes within the same dataset. For sample-level aggregation, a simple averaging
operation is employed. For class-level aggregation, we use the optimal voting method, where the
aggregated SHAP value is determined by the SHAP value corresponding to the predicted class of
the final model. By performing these aggregation operations, we obtain the SHAP values for a
single RBP-AS pair. These values serve as crucial quantitative measures for conducting AS

regulatory analysis.

Filtering of results and k-fold validation: For each of the k-fold training process, we conducted a
rigorous screening to identify qualified models based on a prediction accuracy > 0.85. We further
filtered the models by ranking the top 20 RBPs according to their contribution, as determined by
the SHAP value, in the corresponding event. Additionally, we retained only those RBPs with a
SHAP value exceeding 10. By applying these criteria, we obtained RBP-AS regulatory pairs for
each fold.

We then obtained the intersection of RBP-AS regulatory pairs across all five folds, while ensuring

consistent regulatory directions. Moreover, we calculated the final SHAP value for each
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consensus regulatory pair by taking the summed average of the SHAP values across the five folds.
This final SHAP value served as a metric to assess the significance of the RBP's impact on the AS

event.

Benchmarking Performances of CASREL

Performance comparison of different machine learning models

Given the multi-class nature of our prediction task, we departed from traditional binary
classification metrics such as ROC curves and AUC values, instead adopting accuracy scores as
our primary evaluation metric. In each model, ¥, is the predicted value of the i-th sample, ¥, is
the true value in the test set corresponding to the sample, and the prediction accuracy score in
Ngamples is:
1 Nsamples—1
accuarcy(y,9) = —— > 1@ = ) ©)
nsamples =0

To benchmark the performance of diverse predictive models from different methods on a
comparable scale, we employed the canonical evaluation metrics from each model's original
publication and subsequently normalized these scores to a common [0,1] interval. This approach
allowed for an equitable comparison of predictive accuracy despite fundamental differences in

the models' tasks and outputs:

By comparing the prediction accuracy across these three models, we gained insights into their
respective performance. For feature importance interpretation, we employed distinct
approaches tailored to each model's characteristics. Specifically, SHAP values were calculated for
the non-linear GBDT and FCN models to quantify individual feature contributions to predictions.
For the linear LR model, the absolute LR coefficients were analyzed to assess global feature
importance, where the coefficient magnitude reflects the feature's impact on the log-odds of
class prediction. In addition, we validated the plausibility of the interpretations of each model by
calculating the percentage of RBPs in different models that exhibited monotonic regulatory
effects across all AS events in multiple datasets (an RBP was classified as monotonic if > 90% of

its regulatory effects exhibited consistent promotion or inhibition).

21



Assessment of CASREL performance stability

The 5-fold cross-validation strategy yielded five independent model instances, each with
different training and test set compositions. Our stability assessment focused on two critical

dimensions: prediction performance stability and interpretability stability:

1) Stability of model prediction performance. By calculating the prediction accuracy and
distribution characteristics of each model instance and the coefficient of variation (CV), we
assessed the accuracy consistency of the model across different training / test set partitions.

The prediction accuracy obtained for each of the K-folds is x;, and the CV is:

2

1 1
v Jzzil(xi - 52%ix)

1 X 100% (10)
§Zi5=1xi

2) Stability of model interpretability. SHAP values are used to interpret the model. SHAP values
and their distribution are systematically analyzed for each model instance to verify the
consistency and reliability of the model's interpretability across different data subsets. We
aligned each splicing event and predicted regulatory factor within each k-fold and calculated
the Pearson correlation coefficient between the predicted results and the contribution (SHAP

value) of each RBP-AS regulatory circuitry within each fold.

Validations of CASREL predictions by RBP functional experiments

To validate the regulatory interactions predicted by CASREL, we implemented a comprehensive
experimental validation framework incorporating both transcriptome-wide and molecular-level
analyses. We obtained transcriptome profiles following RBP knockdown experiments in two cell
lines (K562 and HepG2) from the ENCODE database. Differential splicing patterns were
systematically analyzed using SCASL methodology, followed by statistical assessment through
Wilcoxon rank sum tests. The predictive accuracy of CASREL was quantified by calculating the
reproducibility of the inferred regulatory events in these perturbation experiments, defined as
the proportion of correctly predicted events among significantly differentially regulated splicing

events.

To establish a genome-wide map of RBP-RNA interactions, we integrated CLIP-seq data from the
POSTAR3 database. We performed spatial colocalization analysis to evaluate the physical

proximity between predicted RBP binding sites and their putative AS targets. This analysis
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guantified the binding probability within the CASREL-predicted regulatory network by calculating
the proportion of CLIP-seq-validated binding events among the predicted RBP-AS regulatory pairs.
To account for technical and biological variability, we assessed the consistency of RBP binding
patterns across different cell lines and sequencing platforms by computing the concordance rate

of binding events between distinct experimental conditions.

We further benchmarked CASREL against existing computational approaches for splicing
regulator prediction, encompassing three major algorithmic paradigms: CLIP-seg-based methods
focusing on physical interactions (exemplified by SFPointer), sequence conservation-based
approaches (such as SAM-AM), and machine learning models trained on population-scale
sequencing data (like DeepRBP). Using standardized datasets and analytical pipelines as
described in the respective publications, we conducted comparative analyses of prediction
accuracy and experimental validation rates across all methods. Performance metrics were
evaluated following established protocols, with the concordance between computational

predictions and experimental RBP binding data.

Differential alternative splicing analysis

We conducted differential splicing analysis on the filtered raw AS profiles using the Wilcoxon rank
sum test. To ensure robustness and avoid potential imputation errors, we utilized the unimputed
AS ratio matrix for calculating differential splicing events. In the case of bulk RNA-seq datasets
involving RBP knockdown experiments, we compared the differences in AS ratios between the
RBP knockdown samples and corresponding non-knockdown control samples within the same
cell line. We considered events with adjusted p-values below 0.05 as differentially spliced events.
Finally, we mapped each identified event back to the gene with the highest inclusion and the
closest proximity based on the positional relationship between the junction and the gene on the

chromosome.

Data Availability

All single-cell data utilized in this manuscript were sourced from publicly available databases,
which was deposited in the Gene Expression Omnibus (GEQ). The accession numbers associated
with the datasets are as follows: GSE123837, GSE118390, GSE152607, GSE71585, GSE205013,
GSE95315, GSE98638, GSE108989, and GSE99254.
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Code Availability

Codes for all the data analyses in this study are available in github
(https://github.com/xryanglab/CASREL).
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