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Reference-informed prediction of alternative splicing
and splicing-altering mutations from sequences
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Alternative splicing plays a crucial role in protein diversity and gene expression regulation in higher eukaryotes, and mu-
tations causing dysregulated splicing underlie a range of genetic diseases. Computational prediction of alternative splicing
from genomic sequences not only provides insight into gene-regulatory mechanisms but also helps identify disease-causing
mutations and drug targets. However, the current methods for the quantitative prediction of splice site usage still have lim-
ited accuracy. Here, we present DeltaSplice, a deep neural network model optimized to learn the impact of mutations on
quantitative changes in alternative splicing from the comparative analysis of homologous genes. The model architecture
enables DeltaSplice to perform “reference-informed prediction” by incorporating the known splice site usage of a reference
gene sequence to improve its prediction on splicing-altering mutations. We benchmarked DeltaSplice and several other state-
of-the-art methods on various prediction tasks, including evolutionary sequence divergence on lineage-specific splicing and
splicing-altering mutations in human populations and neurodevelopmental disorders, and demonstrated that DeltaSplice
outperformed consistently. DeltaSplice predicted ~15% of splicing quantitative trait loci (sQTLs) in the human brain as
causal splicing-altering variants. It also predicted splicing-altering de novo mutations outside the splice sites in a subset of
patients affected by autism and other neurodevelopmental disorders (NDDs), including 19 genes with recurrent splicing-al-
tering mutations. Integration of splicing-altering mutations with other types of de novo mutation burdens allowed the pre-
diction of eight novel NDD-risk genes. Our work expanded the capacity of in silico splicing models with potential

applications in genetic diagnosis and the development of splicing-based precision medicine.

[Supplemental material is available for this article.]

Most human genes consist of multiple exons and introns that are
transcribed into precursor mRNAs (pre-mRNAs). The process of
pre-mRNA splicing that removes introns and joins exons is required
to produce mature mRNAs ready for protein translation (Black
2003; Chen and Manley 2009). In addition, alternative splicing al-
lows single genes to generate multiple mRNA transcript isoforms,
thus amplifying the complexity of genetic information encoded
in the genome (Nilsen and Graveley 2010). Given the importance
of accurate splicing for gene expression, it is not surprising that ab-
errant splicing has been implicated in an expanding list of genetic
diseases, ranging from neurologic disorders to cancer (Cooper
et al. 2009; Scotti and Swanson 2016). Determining splicing-alter-
ing mutations is thus an important arena to improving disease diag-
nosis. Substantial efforts have also been made to target splicing
for precision medicine, such as correcting aberrant splicing and
skipping exons that contain disease-causing mutations. In addi-
tion, manipulating alternative splicing, such as the suppression of
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endogenous “poison exons” containing premature termination co-
dons (PTCs) and activation of cryptic splice sites, can provide a pow-
erful means of modulating gene expression using therapeutically
compatible approaches (El Marabti and Abdel-Wahab 2021).

A longstanding question in the splicing field is the possibility
to derive a “splicing code,” which can accurately predict splice sites
and their quantitative usage from pre-mRNA sequences, including
those containing genetic mutations (Black 2000; Wang and Burge
2008; Bao et al. 2019). This task has been challenging because accu-
rate splicing is dictated not only by the universal splicing signals, in-
cluding 5’ and 3’ splice sites, a polypyrimidine tract, and a branch
site, but also by numerous additional splicing-regulatory elements
embedded in the exon and flanking intronic sequences (Black
2003; Chen and Manley 2009). These cis-regulatory signals, which
individually contain limited information owing to their size and
degeneracy, must be recognized and integrated by hundreds of
RNA-binding splicing factors to recruit or antagonize the splicing
machinery. The abundance and activity of splicing factors vary in
different cellular contexts, resulting in cell type- or cell state—specif-
ic splicing (Licatalosi and Darnell 2010; Ule and Blencowe 2019).
Although disruption of the invariant splice sites abolishes splicing,
most mutations affecting splicing-regulatory elements change
splice site usage (SSU) quantitatively. Therefore, accurate splicing
prediction requires a computational algorithm to properly identify
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and weigh all the contributing splicing-regulatory sequences, which
involve enormous combinatorial complexity.

Most earlier efforts to predict splicing used a list of manually cu-
rated features related to splicing, such as various splicing factor motif
sites identified in previous analyses (Wang et al. 2004; Barash et al.
2010; Leung et al. 2014; Xiong et al. 2015; Jha et al. 2017; Zhang
et al. 2018). These studies provided important global insights and
unequivocally demonstrated that SSU is determined by both splice
site strengths and the enrichment of different types of splicing-reg-
ulatory elements. However, the accuracy of these algorithms is often
limited when applied to predict the usage of individual splice sites or
exons. In the past two decades, deep sequencing technologies have
made it possible to accurately determine splice sites and their usage
on a genome-wide scale. Furthermore, deep learning methods pro-
vide a powerful engine to develop predictive models directly from
genomic sequences without requiring manual feature engineering.
In particular, applications of convolutional neural networks
(CNNs) have led to remarkable progress in splicing prediction
(Bretschneider et al. 2018; Zuallaert et al. 2018; Jaganathan et al.
2019; Louadi et al. 2019; Zeng and Li 2022; Celaj et al. 2023). Among
them, SpliceAl uses a residual network architecture with dilated con-
volution to predict splice sites based on 10 kb flanking sequences
(Jaganathan et al. 2019). It achieved high prediction accuracy
when tested with canonical transcripts, and successfully predicted
mutations causing cryptic splicing, including private mutations in
human populations and de novo mutations (DNMs) affecting
patients with autism and other neurodevelopmental disorders
(NDDs). However, this method was not designed to predict quanti-
tative SSU explicitly, a limitation that was addressed by Pangolin
(Zeng and Li 2022). Pangolin uses a similar network architecture
as SpliceAl, but with several notable modifications. Instead of
using binary labels of splice sites in canonical transcripts, in which
alternatively spliced weak splice sites are underrepresented, Pangolin
uses quantitative usage of all splice sites detected in the RNA-seq
data of four different species to train the model. It also models SSU
in multiple tissues simultaneously using multihead output layers.
These modifications were found to improve the prediction of splic-
ing-altering mutations in human populations and diseases.

Despite these progresses, the current methods still exhibit
limited accuracy in predicting SSU. In this study, we describe
DeltaSplice, a deep learning model designed to enhance the in sil-
ico prediction of SSU and splicing-altering mutations. Compared
with previous methods using deep learning models, DeltaSplice
uses SSU data from eight mammalian species to train larger and
more accurate models. Importantly, it incorporates paired gene se-
quences to fully exploit the similarity inherent in homologous se-
quences and learn the effects of mutations on splicing. The
network architecture of DeltaSplice also enables the utilization of
a reference sequence together with the corresponding SSU, which
is frequently available in many practical applications, to improve
the prediction accuracy on a target sequence (e.g., the same gene
containing disease-associated mutations or a homologous gene
in another species). We demonstrate that DeltaSplice consistently
outperformed the other benchmarked state-of-the-art methods,
including SpliceAl and Pangolin, in various prediction tasks.

Results

DeltaSplice model overview

The DeltaSplice model consists of a feature extraction module and
multiple prediction modules. It uses a residual CNN as its core

building blocks, which is similar to SpliceAl and Pangolin. Howev-
er, DeltaSplice has several important differences in network design
to best predict the splice-site probability and SSU from pre-mRNA
sequences. DeltaSplice uses deeper networks with larger receptive
fields than previous work (30 kb vs. 10 kb) to integrate more distal
signals in longer genes (with 11.6-fold more model parameters
than SpliceAl). A key feature of DeltaSplice is that it operates in
two modes: the single-sequence mode and the dual-sequence
mode (Fig. 1). In the single-sequence mode, the model is trained
to predict the splice-site probability ps and SSU wu, within individ-
ual input gene sequences, denoted as s. In the dual-sequence
mode, DeltaSplice predicts the SSU wu, for a target gene sequence,
referred to as s;, by utilizing information from a reference gene se-
quence, denoted as s, along with the corresponding reference SSU,
denoted as u,. Although the dual-sequence-mode model shares the
model parameters of the feature-extraction module with the single-
sequence mode, it has its own prediction modules. The dual-se-
quence mode is specifically designed to predict splicing-altering
mutations when the SSU of the reference gene sequence is known.
For example, the reference sequence can be the gene sequence of
healthy control individuals, whereas the target sequence is the
gene sequence containing mutations from patients affected by a
genetic disease. The incorporation of the reference SSU together
with the reference gene sequence enables DeltaSplice to improve
the accuracy in predicting the impact of mutations when the SSU
cannot be reliably predicted from the sequences alone.

To train DeltaSplice models, we used splice sites and SSU in
adult brain tissues quantified using RNA-seq data from eight differ-
ent mammalian species, including human, chimpanzee, rhesus
macaque, marmoset, cow, pig, mouse, and rat (Supplemental
Tables S1, S2). Here, the brain was chosen as the focus of the cur-
rent study because it experiences the most extensive alternative
splicing and because high-quality RNA-seq data are available for
different species, although the model can be readily trained
using data from other tissue or cell types. In the single-sequence
mode, the training adopts a supervision approach similar to
SpliceAl and Pangolin. The ideal training data for the dual-se-
quence mode are splicing-altering genetic variants or mutations,
but unfortunately, no such large-scale mutation data sets with ex-
perimentally determined impacts are available. To overcome this
limitation, DeltaSplice randomly samples pairs of gene sequences
with varying degrees of similarities and their corresponding SSU to
train the model and learn the impact of genetic mutations. Finally,
aunified loss function is established by combining the supervision
of both single-sequence and dual-sequence modes, enabling the
model parameters to be trained for both modes simultaneously
(for further details, see Methods).

Quantitative prediction of SSU

We first benchmarked the performance of DeltaSplice in predict-
ing SSU in the brain across various species using the single-se-
quence mode, in comparison with SpliceAl and Pangolin. To
assess how data from multiple species influence the performance
of DeltaSplice, we also trained an intermediate model using only
human genes and their SSU, which was denoted as DeltaSplice
(human). As SpliceAl and Pangolin were trained on human splice
sites and their SSU, comparing DeltaSplice (human) with these
methods will facilitate a fair assessment of the model architectures
independent of the amount of training data. Overall, the distribu-
tions of SSU values predicted by DeltaSplice (trained with data
from eight species) and DeltaSplice (human) more closely align
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Figure 1. The architecture of DeltaSplice. DeltaSplice comprises a feature-extraction module and mul- ~ (the first coding exon) has two alternative

tiple prediction modules. The feature-extraction module is constructed using residual-connected convo-
lutional neural networks (CNNs), which convert a one-hot-encoded input sequence to a feature
representation. Each prediction module consists of fully connected layers and a Softmax output layer
that takes a feature representation as input and generates predictions for SSU or splice-site probabilities.
The single-sequence mode employs two prediction modules to predict the SSU 75 and the splice-site
probabilities p for each site in the input gene sequence s, based on the corresponding feature represen-
tation v;. In the dual-sequence mode, the feature-extraction module calculates the feature representation
vs, and vy, separately for the target gene sequence s, and the reference gene sequence s,. The predicted
SSU #u,, for every site in the target gene sequence is computed using a prediction module, from the input
Vs, — Vs, + vy, Here vy, is the feature representation of the reference SSU u,. RNA-seq data from adult
brain tissues of humans and seven other mammalian species, as summarized in Supplemental Table

5" splice sites showing lineage-specific
splicing. Human, chimpanzee, and rhe-
sus macaque predominantly or exclusive-
ly use the downstream 5’ splice site 2,
resulting in a seven-amino-acid extension
in an intrinsically disordered region of the
encoded protein compared with the other
species analyzed in this study, which ex-
clusively use the upstream 5’ splice site 1

ST, were used to estimate SSU values for model training.

with the experimental SSU distributions, showing higher correla-
tions than those predicted by SpliceAl and Pangolin (Fig. 2A-C).
This improvement suggests the benefits of longer input sequences
and larger models, which was also confirmed by ablation analyses
using DeltaSplice models with a smaller receptive field and fewer
model parameters (Supplemental Table S3). Moreover, the Delta-
Splice model trained with all species data achieved further im-
proved performance compared with the model trained with
human data alone, suggesting the benefit of the expanded data
set. A similar observation was also made recently with Pangolin
(Zeng and Li 2022). Finally, weights used to balance different terms
in the loss function also impact the performance of the model and
its generalizability to different data sets. Although larger weights
related to the dual-sequence mode may slightly improve the mod-
el’s performance in predicting SSU, they significantly decrease the
model’s performance in predicting ASSU (see also benchmarks on
different data sets below) (Supplemental Table S3).

SSU is bimodally distributed (Yan et al. 2015), with only
~20% of splice sites exhibiting SSU within the 0.1 to 0.9 range
in our data set. The accuracy of SSU prediction for these intermedi-
ate splice sites is crucial in delineating the impact of splicing-alter-
ing mutations outside the splice sites, which led us to focus our
evaluation specifically on these splice sites. For all compared meth-
ods, the prediction of weak and strong splice sites (SSU<0.1 or
>0.9, respectively) is, in general, quite accurate, whereas quantita-
tive prediction of SSU of intermediate splice sites is more challeng-
ing (Fig. 2A,B,D). Nevertheless, DeltaSplice has a distinct
advantage over SpliceAl and Pangolin in predicting the SSU of in-
termediate splice sites, archiving a correlation of 0.6 in human,

(Fig. 3, upper panel). The 5 splice site 1

is disrupted in human and chimpanzee

owing to a T>G mutation (i.e., splice-
site dinucleotide GT>GG), which is consistent with the lineage-
specific switch to the use of splice site 2. However, it remains unclear
whether this substitution is the only driver mutation leading to the
splicing divergence. DeltaSplice correctly predicted the usage of 5
splice site 2 in human (SSU=0.95 compared with 0.93 as measured
in RNA-seq; note SSU < 1 owing to partial intron retention). In silico
mutations confirmed that mutations in the 5’ splice site 2 motif re-
sulted in abrogation of its usage, as one would expect. Importantly,
a G>T mutation that restores 5’ splice site 1 in human SOX13 in sil-
ico was also predicted to abrogate the use of splice site 2 (§SU <0.01)
while activating the usage of splice site 1 (SSU=0.97) (Fig. 3, bottom
panel). These results support the notion that this single-nucleotide
change likely played a critical role in the lineage-specific splicing
and the introduction of the seven-amino-acid extension in the pro-
tein in humans and other closely related primates.

Prediction of lineage-specific splicing changes

Given the imperfect accuracy of all compared methods, including
DeltaSplice in single-sequence mode, in the quantitative predic-
tion of SSU, we reasoned that the dual-sequence mode utilizing
the SSU of the reference gene sequence, namely, reference-in-
formed prediction, may improve the prediction of splicing chang-
es caused by mutations in human populations or related species
during evolution. To test this hypothesis, we first evaluated the
dual-sequence mode of DeltaSplice using homologous splice sites
in the test set between humans and the seven other species. This
evaluation aimed to assess DeltaSplice’s ability to predict changes
in SSU (ASSU) between humans and each of the other compared
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Figure 2. The performance of DeltaSplice in single-sequence mode and baseline methods in predicting SSU across different species. (A) Distribution of
human SSU predicted by different methods in comparison with experimental measurements by RNA-seq. DeltaSplice (single) refers to DeltaSplice in single-
sequence mode trained with data from all species, and DeltaSplice (single, human) was the model in single-sequence mode trained using only human data.
Pangolin was retrained with human SSU data to facilitate a fair comparision, considering that the original Pangolin model was trained with SSU estimated
from different RNA-seq data set using a different implementation. The SpliceAl model from the original study, which was trained on human gene splice
sites, was used here. (B) Similar to A, but splice sites are binned into four groups based on RNA-seq SSU values. The four groups have 83,251 (<0.1),
6370 (0.1-0.5), 10,672 (0.5-0.9), and 113,752 (>0.9) splice sites, respectively. (C) Pearson’s correlation between RNA-seq and predicted SSU for all splice
sites. (D) Similar to B, but for splice sites with experimental SSU between 0.1 and 0.9.

species. In this analysis, gene sequences from humans are used as
reference sequences, and the corresponding SSU values are used
as reference usage. For simplicity, the model in dual-sequence
mode is referred to as DeltaSplice hereafter, whereas the model
in the single-sequence mode included for comparison is denoted
as DeltaSplice (single). Consistent with the higher accuracy of
DeltaSplice (single) in predicting SSU of the intermediate splice
sites, ASSU predicted by DeltaSplice in both dual- and single-se-
quence modes exhibits higher correlations with RNA-seq measure-
ments, compared with SpliceAl and Pangolin (Fig. 4A,B;
Supplemental Fig. S1). Furthermore, in comparison of the dual-
versus single-sequence mode of DeltaSplice, the dual-sequence

mode achieved a higher top k accuracy for predicting splicing dif-
ferences between chimpanzee and human or between rhesus ma-
caque and human. In this metric, each model was asked to predict
the top k candidates, where k is the true number of orthologous
splice site pairs with validated splicing changes (JASSU|>0.2 as
measured by RNA-seq) (Fig. 4C). However, the advantage of the
dual-sequence mode is less clear when the human gene reference
was used to predict splicing in more distal species from our analy-
sis. Meanwhile, DeltaSplice outperformed DeltaSplice (single) in
predicting ASSU across all species when we limited our analysis
to orthologous splice sites with |ASSU|<0.5 (Supplemental Fig.
S2A), indicating that the reference information is less useful for
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Figure 3. DeltaSplice predicts mutations driving lineage-specific splicing in SOX13. SOX13 exon 2 has two alternative 5’ splice sites, as shown in the gene

schematics. Multiple-sequence alignments of the alternatively spliced region are shown, together with the usage of the two splice sites in each species on
the right. Note that there is insufficient RNA-seq read coverage to quantify SSU in chimpanzees, although the limited number of reads supports the use of 5
splice site 2. The impact of in silico mutations in each nucleotide position in the region on the two splice sites is shown in the heatmaps at the bottom. The

nucleotide base in each position of the human gene sequence is indicated by

DeltaSplice when the reference and target sequences and their SSU
values are greatly diverged. It is worth noting that although Pango-
lin performed better than SpliceAl in predicting SSU, this does not
seem to translate into more accurate predictions of ASSUs on
orthologous splice sites. We noticed that Pangolin tends to give
very similar SSU predictions for related sequences, which would re-
sult in an underestimate of ASSUs on orthologous splice sites (Sup-
plemental Fig. S2B).

Prediction of splicing-altering mutations quantified by splicing
reporter assays

To further investigate whether reference-informed predictions can
improve the discovery of splicing-altering mutations, we next test-
ed DeltaSplice and the other compared methods using multiple
data sets derived from high-throughput splicing reporter assays.
These data sets include the impact of single-nucleotide variants
(SNVs) on cassette exon inclusion as measured by Vex-seq
(Adamson et al. 2018) and MFASS (Cheung et al. 2019), as well
as the combinatorial effect of multiple SNVs on the inclusion of
FAS exon 6 (Baeza-Centurion et al. 2019). In these prediction tasks,
changes in percentage of exon inclusion (APSI) were calculated by
averaging ASSU of the two alternative splice sites and compared
with corresponding experimental measurement. Another neural
network model named MMSplice, which was particularly designed
to predict splicing-altering mutations (Cheng et al. 2019), was in-
cluded for comparison.

For the Vex-seq data set, predictions by DeltaSplice and
MMSplice showed a higher correlation with RNA-seq measure-
ment than did SpliceAl and Pangolin (r=0.69-0.71 vs. 0.56 for

"y, n

X.

SpliceAl and Pangolin) (Fig. 5A). For the FAS exon 6 data set,
DeltaSplice has a similar performance as SpliceAl, whereas predic-
tions by Pangolin and MMSplice showed a somewhat lower corre-
lation (Supplemental Fig. S3). The MFASS data provide a less
quantitative measure of splicing changes derived from a fluores-
cent reporter-based readout. Therefore, the performance of each
model was evaluated using a top k accuracy in predicting
splicing-disrupting variants (SDVs) defined by APSI < —0.5 between
the alternative and reference alleles. Again, DeltaSplice outper-
formed all other compared methods, with a top k accuracy
of 0.53 compared with 0.46-0.49 (where k=1048 is the number
of true SDVs in the data set) (Fig. 5B). Notably, the advantage of
DeltaSplice over the other compared methods was most evident
when the analysis focused solely on SNVs more distal from the
splice sites (i.e., >20 bp), with a top k accuracy of 0.39 versus
0.25-0.31 (where k=284 is the the number of true SDVs >20 bp
from splice sites; Fig. SC). DeltaSplice also consistently achieved
better performance than the other methods on mutations in exon-
ic or intronic regions (Supplemental Fig. S4A,B), especially when
mutations that disrupt splice-site dinucleotides were excluded
(Supplemental Fig. S4C).

Prediction of causative variants with splicing QTLs

Previous studies, such as those conducted by the Gene-Tissue
Expression (GTEx) consortium, have identified numerous SNVs as-
sociated with splicing variation in human populations (splicing
quantitative trait loci [sQTLs]) (The GTEx Consortium 2020).
However, whether these sQTLs represent causal splicing-altering
variants is unknown. We predicted the impact of brain sQTLs
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Figure 4. The performance of DeltaSplice and baseline methods in predicting ASSU of splice sites homologous to humans. (A) Distribution of ASSU be-
tween chimpanzee and human (top) and between mouse and human (bottom). In each panel, ASSU measured by RNA-seq is shown on the x-axis, and ASSU
predicted by different methods is shown on the y-axis. DeltaSplice refers to the results obtained using the dual-sequence mode, and DeltaSplice (single)
refers to the results obtained using the single-sequence mode. The retrained Pangolin and the original SpliceAl models were used. (B) Pearson’s correlation
between RNA-seq and predicted ASSU of splice sites homologous to humans using different methods. (C) Top k accuracy of different methods in predicting
splice sites with |[ASSU| > 0.2, where k is the true number of exons showing the specified differences.

and control SNVs on splicing using DeltaSplice and the other com-
pared methods by reasoning that splicing-altering SNVs should be
enriched in sQTLs, and the intersections of the two methods can
help to identify causal splicing-altering mutations given the com-
plementarity of the two approaches. Indeed, the top candidates
predicted by different models all showed varying degrees of enrich-
ment, and the largest enrichment was observed in predictions by
DeltaSplice (4.1-fold compared with 3.4- to 3.6-fold among top
20,000 predictions) (Fig. 6); excluding splice-site mutations did
not notably change the results (Supplemental Fig. SS5). In total,
DeltaSplice identified 891 brain sQTLs (representing 154 unique
SNVs) with predicted |APSI|>0.05, accounting for ~15% of all
brain sQTLs (Supplemental Table $4).

Prediction of DNMs implicated in autism and NDDs

Gene-disrupting mutations, including splicing-disrupting muta-
tions, by DNMs are important pathoetiologic mechanisms under-

lying NDDs (Ronemus et al. 2014; Jaganathan et al. 2019; Dawes
etal. 2023). However, previous analysis of splicing-disrupting mu-
tations is largely limited to mutations in the known or cryptic
splice sites, whereas those outside splice sites remain difficult to
identify. We compared DeltaSplice and other methods in predict-
ing splicing-altering mutations focusing on DNMs that are not
stop gain/loss mutations and outside the splice sites. Note that
this is more stringent than the previous analysis, which did not ex-
clude splice-site mutations (Jaganathan et al. 2019). For this anal-
ysis, we compiled a comprehensive list of DNMs identified by
whole-genome sequencing (WGS) and whole-exome sequencing
(WES) (Supplemental Tables S5, S6). The WGS data set consists
of cases of autism spectrum disorders (ASDs) and unaffected con-
trols. In this data set, we observed that splicing-altering mutations
predicted by DeltaSplice are enriched in autism patients (up to 1.4-
fold; P=0.036, single-sided binomial test) (Fig. 7A; Supplemental
Fig. S6). Splicing-altering mutations predicted by other methods
showed varying degrees of enrichment, but the magnitude is
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Figure 5. The performance of DeltaSplice and baseline methods in predicting splicing-altering mutations as measured by reporter assays. (A) The dis-
tribution of APSI measured by RNA-seq and predicted by each method is shown for SNVs in Vex-seq data set. (B) Top k accuracy of DeltaSplice and baseline
methods on MFASS data set. Splicing-disrupting variants (SDVs; which have APSI,._.f < —0.5) were used to calculate top k accuracy with varying k. The inset
shows the top k accuracy with k=1048 (the true number of SDVs in the data set). (C) Similar to B, but only for variants >20 bp from the nearest splicing sites.

more moderate compared with those predicted by DeltaSplice
(Fig. 7A). Similar observations were made for DNMs associated
with various NDDs detected by WES (Fig. 7B). These results con-
firm that DeltaSplice has improved accuracy in predicting bona
fide splicing-altering mutations outside the splice sites conferring
disease risks.

In total, we predicted 130 and 414 splicing-altering muta-
tions (APSI< —0.05 in alternative vs. reference alleles) in the WGS
and WES data sets, accounting for 3.6% and 3.0% of patients, re-
spectively (Supplemental Tables S7, S8). After combining the pre-
diction results from the two data sets and removing redundancy,
we obtained 19 genes with two or more independent putative
splicing-altering mutations (Fig. 7C; Supplemental Table S9).
Among them, eight genes have a confidence score of one (high-
confidence) concerning their association with autism in the SFARI
autism gene database (Abrahams et al. 2013). This overlap is highly
significant based on a permutation test (P=0.006; see Methods).
Although a subset of genes in the list also have recurrent likely
gene-disrupting (LGD) mutations of other types (stop gain,
frame-shifting insertions/deletions, and splice-site mutations;
frame-shifting insertions/deletions were not examined in this
study), supporting their role in conferring autism risks, others

do not have previous evidence from established mutation analy-
sis. Encouraged by these observations, we asked whether integra-
tion of predicted splicing-altering mutations with other genetic
evidence can help to formally prioritize NDD-risk genes using a
rigorous statistical framework (Methods). Specifically, we used
two models to identify candidate risk genes based on the burden
of de novo variants, model 1 including LGD and D-mis variants
and model 2 including LGD, D-mis, and splicing variants. Model
1 predicted 129 NDD-risk genes (FDR<0.05) (Supplemental Table
S9). This list included seven of the 19 genes with two or more
splicing-altering mutations, which represents a significant over-
lap based on the permutation test (P=0.027). Imporantly, by in-
cluding splicing-altering mutations predicted by DeltaSplice
(outside the splice sites) in the analysis, model 2 predicted 134
NDD-risk genes, which share 126 genes predicted by model 1
(Supplemental Table S9). Eight genes (VIP, DDX50, C160rf70,
KDMe6B, HSPA12A, SYT1, GIT2, and ADCYS5) were only predicted
by model 2, and they have much smaller FDR values when splic-
ing-altering mutations were included in the analysis (Supplemen-
tal Fig. S7; Supplemental Table S9). These analyses demonstrate
the utility of DeltaSplice in interpreting the functional signifi-
cance of genetic variants in human diseases.
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Figure 6. The performance of DeltaSplice and baseline methods in pre-
dicting splicing-altering mutations at sQTLs. GTEx brain sQTLs were used
as foreground, and common SNPs were used as background. Only variants
<200 bp from cassette exons were used for analysis. Foreground and back-
ground variants were combined and ranked by |APSI| predicted by each
method, and the enrichment of sQTLs among top k predictions with vary-
ing k is shown. The inset shows the enrichment of sQTLs among top
20,000 variants.

Discussion

The ability to accurately predict splicing from primary sequences
not only is a testimony of our understanding of the splicing
code but also has a wide range of practical applications. Tremen-
dous progress has been made in the past few years by developing
deep learning-based models and utilities of these models to facili-
tate clinical genetic diagnosis and development of precision med-
icine are on the horizon (Jaganathan et al. 2019; Zeng and Li 2022;
Celaj et al. 2023). From our analysis, however, it seems to be clear
that quantitative prediction of splicing changes, especially those
involving alternative splice sites with intermediate strengths, re-
mains a challenge. This study represents an effort to improve the
current state of the art with several intuitive strategies. Given the
enormous complexity of splicing regulation, we used an expanded
data set to allow training of larger models (11.6-fold more param-
eters compared with SpliceAl) and integrating signals from longer
genomic sequences. Because the number of human genes and
splice sites is intrinsically limited, in contrast to images available
for training of computer vision algorithms (Deng et al. 2009), a
strategy we employed is to use data from multiple related species.
This strategy was independently adopted by Pangolin (Zeng and
Li 2022). We argue that the benefit of including homologous
gene sequences for model training is more than an increase in sam-
ple size. Because homologous genes are located in the vicinities of
human gene sequences in the high-dimensional space, they are es-
pecially helpful in learning the impact of splicing-altering muta-
tions, which also represent small perturbations in the human
gene sequences. In our study, we designed a dual-sequence mode
to optimize the learning from related genes. Another strategy
that distinguishes our work from previous studies is to acknowl-
edge that the current accuracy of quantitative SSU prediction is still
less than ideal, so the SSU of the reference gene sequence, which is

frequently readily available, can provide the correct baseline to im-
prove the prediction of the altered SSU caused by mutations. We
confirm the benefits of these strategies, as implemented in Delta-
Splice, by benchmarking with the current cutting-edge methods
in a range of prediction tasks. In particular, although SpliceAl
and Pangolin were previously shown to predict cryptic splicing
caused by mutations effectively, DeltaSplice demonstrated im-
proved prediction of quantitative changes in SSU, which is more
challenging than the prediction of cryptic splice sites. This
allowed us to identify additional splicing-altering mutations un-
derlying sQTLs and associated with NDDs, including autism.

We note that the current models do not lack room for im-
provement, and expect that further improvement can be made
by optimizing the training data and network architecture. First, al-
though we took multiple measures to accurately estimate SSU for
model training, the current training data set still contains splice
sites whose SSU estimates are complicated by various technical is-
sues, such as the difficulty in read mapping, overlapping genes at
splice site, and complication of genetic variants affecting splicing.
Additional filtering to exclude these sites from training might im-
prove the accuracy of the model. Second, DeltaSplice is currently
trained with only brain splicing data. Application of the model
to the other tissue or cell types should be cautious, although we
did not observe any drastic drop in prediction accuracy in our
benchmark analysis. This is in part because of the challenges fac-
ing the current methods, including DeltaSplice, in learning tissue—
or cell type-specific splicing, despite extensive efforts in recent
studies (Cheng et al. 2021; Zeng and Li 2022; Celaj et al. 2023).
Third, although we demonstrated the benefits of longer input se-
quences and larger networks with more model parameters for pre-
diction accuracy, the residual network architecture does not seem
to fully capture distal splicing-regulatory signals. This is reflected
in the observation that most predicted splicing-altering mutations
are located in proximal regions from the splice sites (<50 bp)
(Supplemental Fig. $6). Lastly, the current models do not explicitly
model the cellular context such as the expression and activity of
splicing factors. In contrast to the current models, which can be
only used to predict splicing in the same cellular context as the
training data, a context-aware model would remove this restric-
tion, thus enabling many perturbation experiments, such as splic-
ing factor overexpression or depletion, to be performed in silico
and expanding the use case of these computational splicing models.

Methods

Estimation of SSU in brain tissues across eight mammalian species

RNA-seq data from adult brain tissues of humans and seven other
mammalian species generated by previous studies were obtained
from the NCBI Sequence Read Archive (SRA; https://www.ncbi
.nlm.nih.gov/sra) and EMBL-EBI ArrayExpress (https://www.ebi.ac
.uk/biostudies/arrayexpress), with accession numbers summarized
in Supplemental Table S1. The raw reads in FASTQ files were down-
loaded, mapped, and processed to estimate SSU in annotated genes.
Specifically, RNA-seq reads for each sample were mapped using
STAR (Dobin et al. 2013) to the reference genome, including a
list of annotated exon junctions. The following parameters were
used for mapping: --alignSJoverhangMin 8 --alignSJDBoverhang
Min 5 --outFilterMismatchNmax 999 --outFilterMismatchNover
ReadLmax 0.06 --outFilterIntronMotifs RemoveNoncanonicalUn
annotated. These parameters required a minimum of 5 nt overlap
for known exon junctions and 8 nt overlap for novel exon
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Figure 7. The performance of DeltaSplice and baseline methods in predicting splicing-altering de novo mutations associated with neurodevelopmental
disorders (NDDs). (A) Enrichment of autism-associated DNMs in the WGS data set. Stop-gain/loss or splice-site mutations were excluded from this analysis.
DNMs in autism patients or controls were combined and ranked by APSl...r. Among the top k predictions using varying k, the enrichment of autism-as-
sociated mutations is shown. (B) Similar to A, but for DNMs identified in NDD and control samples in the WES data set. (C) Genes with two or more splicing-
disrupting mutations (as defined by APSl,j.ref < —0.05). The number of likely gene-disrupting (LGD) mutations (stop-gain or splice-site mutations, but not
frame-shifting indels) and SFARI autism gene scores is shown. NDD-risk genes predicted based on de novo mutation burdens, with or without including

predicted splicing-altering mutations, are also indicated.

junctions. Noncanonical exon junctions were allowed only if the
exon junctions were previously annotated in the respective genes.

For each splice site, SSU is defined as the ratio of the exon
junction reads spliced at the precise position over the total number
of reads that cover the splice site. Read counts from replicate sam-
ples were pooled for the calculation. SSU is independent of consti-
tutive or alternative splicing patterns. Unlike the standard
percentage spliced in (PSI), which measures the relative usage of
a splice site among two or more compared isoforms, SSU provides
a measure of each splice site across all possible isoforms, indepen-
dent of specific alternative splicing patterns, to provide an “abso-
lute” measure of splice site strength. To estimate SSU, we used a
comprehensive list of splice sites in annotated gene transcript
models (such as RefSeq, UCSC Known Gene transcripts, Ensembl
genes) (see Supplemental Table S1), those previously detected in

mRNA/EST sequences, and those identified in RNA-seq data (Yan
et al. 2015). SSU was calculated for all 5" or 3’ splice sites with a
read coverage of 20 or more and estimated standard deviation
<0.1, whereas sites with an insufficient number of reads were as-
signed “NA” so that they would not be treated as nonsplice sites
during model training and testing. Despite the presence of 3’ cov-
erage bias in RNA-seq experiments, we selected high-quality RNA-
seq data sets for model training to minimize the increase in miss-
ing sites toward the 5’ end of each gene. Additionally, because
SSU quantification is calculated based on the ratio of local read
coverages, the 3’ bias is normalized, ensuring that our quantifica-
tion remains accurate and robust against this bias.

Several practical issues were considered in the estimation of
SSU. We decided to include multimap reads in the calculation of
SSU, as we found the exclusion of these reads appeared to result
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in more artifacts. We also examined the estimated SSU across all
splice sites in each gene and eliminated a gene unless the maxi-
mum SSU within the gene is >0.99. This filtering step was to ex-
clude cases in which a gene is embedded in the intron of
another gene or there are spurious exon junction reads that span
the whole gene, which can lead to the underestimation of SSU of
all splice sites in the gene, including those constitutive splice sites
with an expected SSU of one.

To provide input for DeltaSplice, each input sequence of
length L base pairs is one-hot-encoded as a L x 4 vector, whereas
the SSU values are encoded by a L x 3 vector, in which the three
numbers of each nucleotide position represent the SSU as 3’ splice
site, 5’ splice site, or nonsplice site. To distinguish splice sites with
low usage and nonsplice sites, we set the minimum SSU of a bona
fide splice site to be 1x 107°. For DeltaSplice model training and
testing, we used the hg19 assembly for human genes and utilized
genes located on human Chromosomes 1, 3, 5, 7, and 9 to form
the test data set; genes on Chromosomes 11 and 13 to form the val-
idation data set; and the remainder to form the training data set.
This data division strategy is similar to the ones used in SpliceAl
and Pangolin (Jaganathan et al. 2019; Zeng and Li 2022). We
used the hg19 assembly instead of the more recent hg38 genome
assembly because hgl9 was also used by SpliceAl and the use of
the same assembly and set of annotated genes facilitated our com-
parison with the previous study. As the gene regions of interest did
not undergo major changes between the two releases, we do not
expect the assembly choice to have any significant impact on
the conclusion of this study. For the other seven species, genes
were assigned to training, validation, and test data sets based on
the assignments of their orthologous genes in humans. This ap-
proach ensures that orthologous genes were assigned to the same
data set, to avoid information leaks between different data sets.
The total number of genes and splice sites were summarized in
Supplemental Table S2.

Each gene sequence is cut into subsequences with a sliding
window of W=35000 bp. Each resulting subsequence, along with
the 15,000 bp sequences both upstream of and downstream
from the subsequence (i.e., n=35,000 bp in total), serves as input
for training the DeltaSplice model. DeltaSplice generates output
predictions for the central 5000 bp positions, whereas features
were extracted from the flanking 30,000 bp around each position.
In the evaluation process, DeltaSplice takes sequences of n bp (n>
30,000) and provides predictions for the central n— 30,000 bp.

DeltaSplice network architecture

The architecture of DeltaSplice consists of a feature-extraction
module and multiple prediction modules. The feature-extraction
module is composed of residual-connected CNNs with 24 residual
units, and each residual unit consists of two layers of dilated CNNs
with 64 channels (i.e., 48 convolution layers x 64 channels). For
comparison, SpliceAl (Jaganathan et al. 2019) uses 32 convolution
layers x 32 channels. The one-hot-encoded sequence is input to
this module and transformed into a feature representation. Batch
normalization (Ioffe and Szegedy 2015) is used to stabilize the
model training, and Dropout (Srivastava et al. 2014) is used to mit-
igate the overfitting issue in each residual unit. Each prediction
module consists of three fully connected layers with ReLU activa-
tion functions and a Softmax layer. These modules calculate the
predicted SSU or probability from the feature representation out-
put by the feature-extraction module. In total, DeltaSplice has
8,075,145 model parameters, which is 11.6-fold more than the
number of parameters (698,787) in SpliceAl.

DeltaSplice operates in two modes: the single-sequence mode
and the dual-sequence mode (Fig. 1). In the single-sequence mode,

the feature-extraction module calculates the feature representation
v, of the input sequence s. Subsequently, the model employs two
prediction modules to independently predict SSU #is and the prob-
ability of being splice sites p for each site in s. Both 75 and p, are
vectors of three dimensions, representing the usage (probability)
of the site as 3’ splice site, 5’ splice site, or nonsplice site. In the
dual-sequence mode, the feature-extraction module computes
the feature representations v, and v, separately for the target se-
quence s, and the reference sequence s,. The reference SSU w, is
converted into its feature representation vy, using a two-layer fully
connected network with ReLU as the activation function. The
model is constrained to learn feature representations in the feature
space such that the difference between the feature vector of the in-
put sequence and the feature representation of the corresponding
SSU is minimized. The predicted SSU #, for every site in the target
sequence is then calculated using a prediction module from
Vs, — Vs, + Vu,.

DeltaSplice model training

The standard mini-batch gradient-descent procedure was used to
train DeltaSplice models with a batch size b=48 (i.e., 48 sequences
in each batch) on six 1080Ti GPUs as described in more detail be-
low. Similar to SpliceAl (Jaganathan et al. 2019), five models were
trained using different random number seeds, and all predictions
described in the study used the average of these models.

To effectively train DeltaSplice, we have devised four specific
loss functions to optimize learning from the comparative analysis
of gene pairs. To simplify the notation, we denote the cross-entro-
py between two matrices @ and b, both in the shape of Wx 3, as

w3
Ca, b) = % Z Z alih log bl 1)
i=1 j=1

Classification loss ¢ s,c in the single-sequence mode

The classification loss #s ¢ in the single-sequence mode is used to
supervise DeltaSplice’s ability to accurately identify splice sites in
gene sequences. As there are numerous splice sites with SSU values
very close to zero, using SSU alone as a supervision signal would
fail to differentiate between these splice sites and nonsplice sites,
and the classification loss Zs ¢ is utilized to alleviate this issue.
The single-sequence mode predicts the SSU #s and the splice-site
probability pg of each site in an input sequence s. The ground truth
of p, denoted by p, is a binary matrix, in which each bit indicates
if a position of sis a 3’ splice site, 5" splice site, or neither. Then, 75
is defined as the cross-entropy between ps and p,

l5,c(8) = C(Pg, D) 2

Regression loss ¢ in the single-sequence mode

s r is used to supervise DeltaSplice’s ability to accurately predict
the SSU in the single-sequence mode. Let us denote the ground
truth of 7, that is, the RNA-seq measured SSU of each site in the
input gene sequence s. It is important to note that to incorporate
splice-site types into us, we let 5 have the same shape as p.
Specifically, (') and u{? denote the SSU of site i if this site is a
3" or & splice site, respectively, and u(si'o) =1- u(si'l) - ug’z). Then,

lsc(s) = C(tas, uy). 3)

Regression loss ¢ in the dual-sequence mode

¢p,r is used to supervise DeltaSplice’s ability to predict the SSU of
the target sequence in the dual-sequence mode when the reference
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sequence and the corresponding reference SSU are given. Because
of the lack of large-scale mutation data during the training process,
for each sequence another sequence from the same batch is sam-
pled without replacement to form pairs. These sampled pairs sim-
ulate the reference sequence, s, and the target sequence, s.. The
SSU of s, and s; in brain tissues is utilized as the reference SSU,
denoted as us,, and the target SSU, denoted as u,, respectively.
Consequently, the regression loss Zpr(s) is calculated as
C(as,, us,), where each bit in #i,, represents the predicted SSU
forasite in the target sequence. It is important to note that we opt-
ed for random pairs of sequences instead of limiting to ortholo-
gous gene pairs, so that the model can contrast gene pairs of
varying degrees of similarities.

Recovery loss ¢, in the dual-sequence mode

¢p,x is used to ensure that the predicted SSU 4, is consistent with
the reference SSU us, when the target sequence is identical to the
reference sequence, irrespective of the value of the reference SSU.
In other words, the model should be capable of recovering the ref-
erence SSU when the reference and target sequences are the same.
To achieve this, we introduce random reference SSU, which is sam-
pled from a uniform distribution, and pair each sequence in a
batch with itself to simulate the reference and target sequences.
Consequently, £p (s) is denoted as C(fis,, us,).

The final loss function used in DeltaSplice can be written as

C=tsc+ br+ 10 + 1056 . )

This unified loss function allows for the training of both the single-
sequence mode and the dual-sequence mode simultaneously in
each training step.

In the training process, the input sequences are shuffled ran-
domly and divided into batches of b =48 sequences for each train-
ing step. In each training step, the feature representations for all
sequences in the training batch are extracted with the feature-ex-
traction module, and the predictions in the single-sequence
mode are computed based on the feature representations. Then,
DeltaSplice randomly samples b pairs of sequences and their corre-
sponding SSU values. The feature vy — vs, + vy, for paired se-
quences with reference SSU in the dual-sequence mode is
computed based on the prior derived feature representations,
and thus, the predictions in the dual-sequence mode can be calcu-
lated. After the computation of all predictions in both the single-
sequence mode and the dual-sequence mode, the loss in
Equation 4 is used to update the model parameters. To update
the model parameters, the Adam optimizer is employed.
Additionally, a learning rate scheduler is implemented to expedite
the convergence process. The initial learning rate is set to 0.002,
and the scheduler reduces the learning rate by half after each ep-
och. We trained five models with different random seeds to avoid
the impact of random seeds on model performance. During the
evaluation process, the average predicted value of the five models
was taken as the predicted value of DeltaSplice.

DeltaSplice model ablation analysis

Ablation studies were conducted on the receptive field size, the
number of parameters, and the weights of losses (Supplemental
Table S3). All models in the ablation analysis were trained using
data from all species, with the same learning rate and the same
batch size as those used in the training procedure to derive the
full DeltaSplice models presented in this study. SSU predictions
were made using the single-sequence mode, and ASSU predictions
employed the dual-sequence mode. DeltaSplice (small) reduced
the number of model parameters by decreasing the number of

channels from 64 to 32 while maintaining the receptive field.
DeltaSplice (20 k) and DeltaSplice (10 k) reduced the model’s re-
ceptive field from 27,264 bp to 19,088 bp and 9864 bp, respective-
ly, by decreasing the gap sizes in dilated convolutions while
keeping the same number of model parameters. DeltaSplice (large
weight loss) employed the same model architecture but increased
the weights of £pr and ¢p i from 1 x 105 to 1x1073.

Baseline methods

Three state-of-the-art algorithms were used as baseline methods for
benchmarking with DeltaSplice in our experiments, including
MMSplice (Cheng et al. 2019), SpliceAl (Jaganathan et al. 2019),
and Pangolin (Zeng and Li 2022). MMSplice predicts Alogits of
SSU caused by mutations, instead of directly predicting the value
of ASSU. SpliceAl predicts splice-site probabilities, which were
used as a proxy of SSU. Pangolin predicts SSU directly. When eval-
uating the performance of Pangolin in predicting SSU in brain tis-
sues (Figs. 2, 4), we retrained the Pangolin model using the SSU
data estimated from human brain tissue to have a direct compari-
son with DeltaSplice. For all other evaluations of baseline meth-
ods, we used pretrained models and followed the instructions
provided by the original studies.

Evaluation of lineage-specific splicing changes

For each splice site in the human genes in the test data set, we iden-
tified its orthologous splice site in each of the other seven species.
This was done by converting the human coordinate to the coordi-
nates in the other genomes using liftOver (https://genome.ucsc
.edu/cgi-bin/hgLiftOver). The SSU of the orthologous splice sites
was predicted using DeltaSplice and other baseline methods, and
the predicted ASSU values were compared with experimental mea-
surements from RNA-seq.

Evaluation of Vex-seq data, MFASS data, and SNVs in FAS exon é

We obtained the Vex-seq (Adamson et al. 2018) data set from the
GitHub repository of MMSplice, which comprises 1960 mutations
and their corresponding PSI values of the reference and alternative
alleles, as measured by RNA-seq. For each variant, we used 30,000
bp flanking sequence of the corresponding endogenous gene, and
the reference and alternative allele sequences were used for the pre-
diction of APSI by the baseline methods. For DeltaSplice, we also
used the PSI of the reference allele as model input. The FAS exon
6 data set (Baeza-Centurion et al. 2019), which consists of 3072
possible combinations of 12 SNVs and the corresponding PSI val-
ues of FAS exon 6 as measured by RNA-seq, was analyzed similarly.

The MFASS (Cheung et al. 2019) data set comprises 27,183
SNVs along with their corresponding impacts on exon inclusion.
Among these SNVs, 1048 variants with a Asplice_index <-0.5
(splice index is conceptually equivalent to PSI but was derived
from a fluorescent reporter readout) were regarded as SDVs in
our analysis and classified as positive samples, whereas the remain-
ing mutations were classified as negative samples. For evaluating
the dual-sequence mode of DeltaSplice, we utilized the splice in-
dex of the reference allele as an proxy of reference SSU u, for model
input.

For DeltaSplice, SpliceAl, and Pangolin, the predicted PSI for
each cassette exon was calculated as the mean of the predicted SSU
of the 3’ or 5’ splice sites of the exon, which was then used to cal-
culate APSI by comparing the alternative and reference alleles. For
MMSplice, we followed its code to use the reference PSI to convert
the predicted Alogits into APSI.
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Evaluation of sQTLs in brain tissues

Human brain sQTLs from 13 subregions of human brain tissues
were obtained from GTEx v8 (Garrido-Martin et al. 2021).
Among them, we extracted 7906 sQTLs within 200 bp of cassette
exons, and the sQTL exon junctions support the inclusion and
skipping isoforms of the cassette exons, respectively. For compar-
ison, we obtained common single-nucleotide polymorphisms
(SNPs) from The 1000 Genome phase 3 database (The 1000
Genomes Project Consortium 2015) and used a subset of
582,082 SNPs within 200 bp from cassette exons as background,
under the assumption that most common SNVs do not signifi-
cantly impact splicing. Indels and complex variants, which consti-
tute a small fraction of all SNVs, were not considered in this study.
For sQTLs and background SNPs mapped to multiple cassette ex-
ons, we kept only one representative variant-exon pair for each
variant selected using the following criteria:

e If the variant overlaps exon A whereas it is in the intronic regions
of exon B, we kept exon A.

e If the variant was annotated as an intronic variant in multiple
variant-to-exon pairs, we chose the one with minimal distance
between the variant and the exon.

e If there are still more than one variant-to-exon pair with the
same minimal distance, we selected the exon with maximal ev-
idence based on mRNA/EST sequences.

When predicting the impact of sQTLs with DeltaSplice, the dual-
sequence mode is used with the RNA-seq-derived SSU as a refer-
ence. We note that 1446 out of 1564 unique sQTL variants were in-
cluded in the common SNP data set, representing 0.27% of the
background. Consequently, the enrichment of splicing-altering
variants among sQTLs versus background reported in this study
might be slightly underestimated.

Evaluation of DNMs related to NDDs

We collected a comprehensive list of DNMs of NDD patients and
corresponding controls (e.g., unaffected siblings when available),
which became available prior to 2020 from different data sources,
including the denovo-db database (v.1.6.1) (Turner et al. 2017),
Simons Simplex Collection (An et al. 2018), and literature survey
including a large-scale exome sequencing study of autism
(Satterstrom et al. 2020). Mutations obtained by the WGS data
set and WES data set were analyzed separately. Studies that only re-
ported DNMs for a subset of genes (i.e., by targeted sequencing
analysis) were excluded from our analysis. To remove redundancy
from different studies, we merged mutations from samples that
share >50% of their DNMs (and have the same phenotypes if phe-
notype information is available) into a single sample. After redun-
dancy removal, we obtained a total of 3564 cases and 2162
controls for the WGS data set and 11,280 cases and 1880 controls
for WES data set (Supplemental Tables S5, S6). Note that we used
the combination of sample ID and variant ID to identify each
DNM for enrichment analysis to allow recurrent mutation events
in the same nucleotide position, although such events are expect-
ed to be very rare.

We then associated each DNM with human exons <5000 bp
from the DNM. For variants that can be associated with multiple
exons, one variant-to-exon pair was selected to predict the impact
of the DNM on splicing using similar criteria as described above.

To identify splicing-altering mutations, we excluded DNMs
that disrupt splice sites (GU/AG dinucleotides) or lead to stop
gain/loss, because these LGD mutations were previously associated
with autism. For the dual-sequence mode of DeltaSplice, the RNA-
seq-derived SSU was used as a reference.

Prediction of NDD-risk genes by integrating splicing-altering
mutations

We predicted NDD-risk genes based on DNMs, with and without
including splicing-altering mutations predicted by DeltaSplice.
We note that the downloaded DNM data do not have complete in-
formation about the number of cases that do not carry DNM
(“noncarriers”), a piece of information not essential for previous
analysis but important for burden-based new risk gene discovery.
Therefore, we estimated the number of noncarriers using maxi-
mum likelihood, assuming the number of coding DNMs in each
case follows a Poisson distribution given the overall average num-
ber of DNMs per case.

Letting x; be the observed numbers of NDD cases carrying dif-
ferent numbers of variants, the distribution of observed numbers
of NDD cases in our data is

X = [xo0, X1, X2, ..., Xnl, %)

in which x is the reported number of “noncarriers.”
Denote the true value x;:

Xo = Xo+m, (6)

where m is the unrecorded number of noncarrier NDD cases. Thus,
the true distribution of observed numbers of NDD cases in our data
is

X = [X(,); X1, X2, -, Xl (7)

Let Nypp be the total NDD cases in our data and N,,, the total var-
iants in NDD cases. X’ should follow the Poisson distribution with
parameter

— NVHT
Nnpp +m’

®)

The estimated numbers of NDD cases carrying different numbers
of variants can be calculated as

. . Nl/ﬂf > .

Y = Poisson| i, ———— | - (N, +m), i=0,1,2,...,n (9
< R — (N~pp + 1) ©))

The loss function is the minimum sum of squares, which compares

our estimations to the observed

L=Y X -Y/ (10)

After multistep iterations, we finally get the optimal m obtained by
minimizing the loss function through an iterative procedure. With
the combined WGS and WES data, the estimated total number of
unique cases is 16,137.

For NDD-risk gene discovery through analysis of DNMs, we
used two models to estimate the risk-gene proportions from the
combined NDD data. The background mutation rate per gene of
different types of DNMs in combined NDD data was cal-
culated based on a previous report (Samocha et al. 2014). The
LGD variants in our data include stop-gain and splice-site muta-
tions. The deleterious missense (D-mis) variants are defined as
variants with the combined annotation-dependent depletion
(CADD) score >25 (Kircher et al. 2014). Genes with zero back-
ground mutation rate were removed. In the first model, we merged
the background mutation rate (R) and the number of variants (N)
per gene:

{ Ry = Rigp + Rp-mis a1
N1 = Nip + Np.mis”

where R;p and Rp.,;s are the background mutation rate of LGD
variants and D-mis variants, respectively. Nygp and Np.,;s are the
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number of LGD and D-mis variants, respectively. We performed a
Poisson test of each gene using R; and N;. All P-values were per-
formed with false-discovery rate (FDR) correction, and an FDR <
0.05 is considered as significant.

In the second model, we added the splicing variants rate
Rspiicing and the number of splicing variants Niyicine to perform a
Poisson test:

{ Rz = Ri6p + Rp.mis + Repiicing (12)

Nz = Ni6p + Np.mis + Nsplicing '

Because we do not have the exact splicing rate per gene, the nor-
malized splicing rate in each gene is calculated as

Z prlicing - Nexon
splicing = ~— 1 N !
P $ Z N, exon * NNDD

where ) Nyyiicing is the total number of variants predicted to disrupt
splicing, N,,,, is the number of exons per gene, and ) Ny, is the
total number of exons for all genes. We ran a Poisson test using R,
and N, and performed an FDR correction for each gene.

R (13)

Permutation tests to evaluate the overlap of splicing-altering genes
with independent autism-risk genes

The permutation tests were conducted to assess the enrichment of
genes carrying predicted splicing-altering mutations in both the
SFARI autism gene database and NDD-risk genes predicted based
on independent DNM burdens (LGD mutations + splice-site muta-
tions using model 1, as described above). In total, eight of 19 genes
with recurrent predicted splicing-altering mutations have a confi-
dence score of one (high-confidence) in the SFARI autism gene da-
tabase (Fig. 7C; Abrahams et al. 2013). To evalute the significance
of the overlap, we shuffled the predicted APSI values across variants
in both WGS and WES data sets and followed the same process to
combine the variants with APSI < —0.05 from the two data sets and
to remove redundancy to obtain 19 genes with the highest number
of splicing-altering mutations. The overlap between this permu-
tated gene list and the SFARI autism genes with confidence score
=1 was recorded. This permutation process was repeated 1000
times. The P-value was calculated by counting the number of
times with more than eight of 19 overlapping genes.

In addition, seven of 19 genes recurrent predicted splicing-al-
tering mutations overlap with the NDD-risk genes predicted using
LGD + D-mis mutations. The significance of this overlap was eval-
uated using the same permutation procedure.

Software availability

DeltaSplice source code and documentation are available under an
open-source license (MIT license) from GitHub (https:/github
.com/chaolinzhanglab/DeltaSplice). The version of DeltaSplice
used in this study is archived as Supplemental Code.

Competing interest statement

The authors declare no competing interests.

Acknowledgments

We thank Zhang, Jiang, and Shen laboratory members for helpful
discussion throughout the project and Ivan lossifov for sugges-
tions on autism risk variant predictions. This study was supported
by grants from the National Institutes of Health (NIH;
R35GM145279 to C.Z, ROINS125018 to C.Z. and TJ],
R35GM149527 to Y.S., and PSOHD109879 to Y.S. and C.Z.). S.B.

was in part supported by a Columbia Precision Medicine Research
fellowship. High-performance computation was supported by NIH
grants S100D012351 and S100D021764, and the UCR High-
Performance Computing Center.

Author contributions: Conceptualization and experimental de-
sign were by C.X., S.B., TJ., and C.Z. DeltaSplice model develop-
ment and implementation were by C.X. and S.B. Data analysis
was by C.X., S.B.,, YW., W.L,, H.C,, and C.Z. Supervising was by
Y.S., TJ., and C.Z. Writing was by C.X., S.B., and C.Z. All authors
critically reviewed the manuscript.

References

The 1000 Genomes Project Consortium. 2015. A global reference for human
genetic variation. Nature 526: 68-74. doi:10.1038/nature15393

Abrahams BS, Arking DE, Campbell DB, Mefford HC, Morrow EM, Weiss LA,
Menashe I, Wadkins T, Banerjee-Basu S, Packer A. 2013. SFARI gene 2.0:
a community-driven knowledgebase for the autism spectrum disorders
(ASDs). Mol Autism 4: 36. doi:10.1186/2040-2392-4-36

Adamson SI, Zhan L, Graveley BR. 2018. Vex-seq: high-throughput identi-
fication of the impact of genetic variation on pre-mRNA splicing effi-
ciency. Genome Biol 19: 71. doi:10.1186/s13059-018-1437-x

An JY, Lin K, Zhu L, Werling DM, Dong S, Brand H, Wang HZ, Zhao X,
Schwartz GB, Collins RL, et al. 2018. Genome-wide de novo risk score
implicates promoter variation in autism spectrum disorder. Science
362: eaat6576. doi:10.1126/science.aat6576

Baeza-Centurion P, Mifiana B, Schmiedel JM, Valcarcel J, Lehner B. 2019.
Combinatorial genetics reveals a scaling law for the effects of mutations
on splicing. Cell 176: 549-563.e23. doi:10.1016/j.cell.2018.12.010

Bao S, Moakley DF, Zhang C. 2019. The splicing code goes deep. Cell 176:
414-416. doi:10.1016/j.cell.2019.01.013

Barash Y, Calarco JA, Gao W, Pan Q, Wang X, Shai O, Blencowe BJ, Frey BJ.
2010. Deciphering the splicing code. Nature 465: 53-59. doi:10.1038/
nature09000

Black DL. 2000. Protein diversity from alternative splicing: a challenge for
bioinformatics and post-genome biology. Cell 103: 367-370. doi:10
.1016/50092-8674(00)00128-8

Black DL. 2003. Mechanisms of alternative pre-messenger RNA splicing.
Annu Rev Biochem 72: 291-336. doi:10.1146/annurev.biochem.72
.121801.161720

Bretschneider H, Gandhi S, Deshwar AG, Zuberi K, Frey BJ. 2018. COSSMO:
predicting competitive alternative splice site selection using deep learn-
ing. Bioinformatics 34: i429-1437. doi:10.1093/bioinformatics/bty244

Celaj A, Gao AJ, Lau TTY, Holgersen EM, Lo A, Lodaya V, Cole CB, Denroche
RE, Spickett C, Wagih O, et al. 2023. An RNA foundation model enables
discovery of disease mechanisms and candidate therapeutics. bioRxiv
doi:10.1101/2023.1109.1120.558508

Chen M, Manley JL. 2009. Mechanisms of alternative splicing regulation:
insights from molecular and genomics approaches. Nat Rev Mol Cell
Biol 10: 741-754. doi:10.1038/nrm2777

Cheng J, Nguyen TYD, Cygan KJ, Celik MH, Fairbrother WG, Avsec Z,
Gagneur ]. 2019. MMSplice: modular modeling improves the predic-
tions of genetic variant effects on splicing. Genome Biol 20: 48. doi:10
.1186/s13059-019-1653-z

Cheng]J, Celik MH, Kundaje A, Gagneur J. 2021. MTSplice predicts effects of
genetic variants on tissue-specific splicing. Genome Biol 22: 94. doi:10
.1186/s13059-021-02273-7

Cheung R, Insigne KD, Yao D, Burghard CP, Wang J, Hsiao YE, Jones EM,
Goodman DB, Xiao X, Kosuri S. 2019. A multiplexed assay for exon rec-
ognition reveals that an unappreciated fraction of rare genetic variants
cause large-effect splicing disruptions. Mol Cell 73: 183-194.e8. doi:10
.1016/j.molcel.2018.10.037

Cooper TA, Wan L, Dreyfuss G. 2009. RNA and disease. Cell 136: 777-793.
doi:10.1016/j.cell.2009.02.011

Dawes R, Bournazos AM, Bryen SJ, Bommireddipalli S, Marchant RG, Joshi
H, Cooper ST. 2023. Splicevault predicts the precise nature of variant-as-
sociated mis-splicing. Nat Genet 55: 324-332. doi:10.1038/541588-022-
01293-8

Deng J, Dong W, Socher R, Li L-J, Li K, Fei-Fei L. 2009. ImageNet: a large-
scale hierarchical image database. In 2009 IEEE Conference on
Computer Vision and Pattern Recognition, Miami, pp. 248-255.
doi:10.1109/CVPR.2009.5206848

Dobin A, Davis CA, Schlesinger F, Drenkow ], Zaleski C, Jha S, Batut P,
Chaisson M, Gingeras TR. 2013. STAR: ultrafast universal RNA-seq align-
er. Bioinformatics 29: 15-21. doi:10.1093/bioinformatics/bts635

El Marabti E, Abdel-Wahab O. 2021. Therapeutic modulation of RNA splic-
ing in malignant and non-malignant disease. Trends Mol Med 27: 643—
659. doi:10.1016/j.molmed.2021.04.005

1064 Genome Research
www.genome.org


https://github.com/chaolinzhanglab/DeltaSplice
https://github.com/chaolinzhanglab/DeltaSplice
https://github.com/chaolinzhanglab/DeltaSplice
https://github.com/chaolinzhanglab/DeltaSplice
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279044.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 10, 2026 . Published by Cold Spring Harbor Laboratory Press

Reference-informed alternative splicing prediction

Garrido-Martin D, Borsari B, Calvo M, Reverter F, Guigé R. 2021.
Identification and analysis of splicing quantitative trait loci across mul-
tiple tissues in the human genome. Nat Commun 12: 727. doi:10.1038/
541467-020-20578-2

The GTEx Consortium. 2020. The GTEx Consortium atlas of genetic regula-
tory effects across human tissues. Science 369: 1318-1330. doi:10.1126/
science.aaz1776

Ioffe S, Szegedy C. 2015. Batch normalization: accelerating deep network
training by reducing internal covariate shift. In Proceedings of the 32nd
International Conference on Machine Learning, Lille, France, pp. 448-
456. JMLR, Lille, France.

Jaganathan K, Kyriazopoulou Panagiotopoulou S, McRae JF, Darbandi SF,
Knowles D, Li YI, Kosmicki JA, Arbelaez J, Cui W, Schwartz GB, et al.
2019. Predicting splicing from primary sequence with deep learning.
Cell 176: 535-548.e24. doi:10.1016/j.cell.2018.12.015

Jha A, Gazzara MR, Barash Y. 2017. Integrative deep models for alternative
splicing. Bioinformatics 33: i274-i282. doi:10.1093/bioinformatics/
btx268

Kasimiotis H, Fida S, Rowley MJ, Mackay IR, Zimmet PZ, Gleason S, Rabin
DU, Myers MA. 2001. Antibodies to SOX13 (ICA12) are associated
with type 1 diabetes. Autoimmunity 33: 95-101. doi:10.3109/
08916930108995994

Kircher M, Witten DM, Jain P, O'Roak BJ, Cooper GM, Shendure J. 2014. A
general framework for estimating the relative pathogenicity of human
genetic variants. Nat Genet 46: 310-31S5. doi:10.1038/ng.2892

Leung MK, Xiong HY, Lee L], Frey BJ. 2014. Deep learning of the tissue-reg-
ulated splicing code. Bioinformatics 30:1121-i129. doi:10.1093/bioinfor
matics/btu277

Licatalosi DD, Darnell RB. 2010. RNA processing and its regulation: global
insights into biological networks. Nat Rev Genet 11: 75-87. doi:10
.1038/nrg2673

Louadi Z, Oubounyt M, Tayara H, Chong KT. 2019. Deep splicing code: clas-
sifying alternative splicing events using deep learning. Genes (Basel) 10:
587. doi:10.3390/genes10080587

Nilsen TW, Graveley BR. 2010. Expansion of the eukaryotic proteome by al-
ternative splicing. Nature 463: 457-463. doi:10.1038/nature08909

Ronemus M, Iossifov I, Levy D, Wigler M. 2014. The role of de novo muta-
tions in the genetics of autism spectrum disorders. Nat Rev Genet 15:
133-141. doi:10.1038/nrg3585

Samocha KE, Robinson EB, Sanders SJ, Stevens C, Sabo A, McGrath LM,
Kosmicki JA, Rehnstrom K, Mallick S, Kirby A, et al. 2014. A framework
for the interpretation of de novo mutation in human disease. Nat Genet
46: 944-950. doi:10.1038/ng.3050

Satterstrom FK, Kosmicki JA, Wang ], Breen MS, De Rubeis S, An JY, Peng M,
Collins R, Grove J, Klei L, et al. 2020. Large-scale exome sequencing
study implicates both developmental and functional changes in the

neurobiology of autism. Cell 180: 568-584.e23. doi:10.1016/j.cell
.2019.12.036

Schepers GE, Teasdale RD, Koopman P. 2002. Twenty pairs of Sox: extent,
homology, and nomenclature of the mouse and human sox transcrip-
tion factor gene families. Dev Cell 3: 167-170. doi:10.1016/S1534-
5807(02)00223-X

Scotti MM, Swanson MS. 2016. RNA mis-splicing in disease. Nat Rev Genet
17: 19-32. doi:10.1038/nrg.2015.3

Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. 2014.
Dropout: a simple way to prevent neural networks from overfitting. J
Mach Learn Res 15: 1929-1958.

Turner TN, Yi Q, Krumm N, Huddleston J, Hoekzema K, Stessman HAF,
Doebley AL, Bernier RA, Nickerson DA, Eichler EE. 2017. denovo-db: a
compendium of human de novo variants. Nucleic Acids Res 45: D804
D811. doi:10.1093/nar/gkw865

Ule J, Blencowe BJ. 2019. Alternative splicing regulatory networks: func-
tions, mechanisms, and evolution. Mol Cell 76: 329-345. doi:10.1016/
j.molcel.2019.09.017

Wang Z, Burge CB. 2008. Splicing regulation: from a parts list of regulatory
elements to an integrated splicing code. RNA 14: 802-813. do0i:10.1261/
mna.876308

Wang ZF, Rolish ME, Yeo G, Tung V, Mawson M, Burge CB. 2004. Systematic
identification and analysis of exonic splicing silencers. Cell 119: 831-
845. doi:10.1016/j.cell.2004.11.010

Xiong HY, Alipanahi B, Lee L], Bretschneider H, Merico D, Yuen RKC, Hua
YM, Gueroussov S, Najafabadi HS, Hughes TR, et al. 2015. The human
splicing code reveals new insights into the genetic determinants of dis-
ease. Science 347: 1254806. doi:10.1126/science.1254806

Yan Q, Weyn-Vanhentenryck SM, Wu ], Sloan SA, Zhang Y, Chen K, WuJQ,
Barres BA, Zhang C. 2015. Systematic discovery of regulated and con-
served alternative exons in the mammalian brain reveals NMD modulat-
ing chromatin regulators. Proc Natl Acad Sci 112: 3445-3450. doi:10
.1073/pnas.1502849112

Zeng T, Li YI. 2022. Predicting RNA splicing from DNA sequence using
Pangolin. Genome Biol 23: 103. doi:10.1186/s13059-022-02664-4

Zhang Y, Liu X, MacLeod J, Liu J. 2018. Discerning novel splice junctions
derived from RNA-seq alignment: a deep learning approach. BMC
Genomics 19: 971. doi:10.1186/512864-018-5350-1

Zuallaert ], Godin F, Kim M, Soete A, Saeys Y, De Neve W. 2018. SpliceRover:
interpretable convolutional neural networks for improved splice site
prediction. Bioinformatics 34: 4180-4188. doi:10.1093/bioinformatics/
bty497

Received January 28, 2024, accepted in revised form July 18, 2024.

Genome Research 1065

www.genome.org


http://genome.cshlp.org/
http://www.cshlpress.com

