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Synonymous and non-synonymous variants 2
at splice junctions can disrupt splicing and are
frequently linked to disease associated loss

of function genes
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Abstract

Background RNA splicing facilitated by the spliceosome complex, relies on specific motifs at exon-intron junctions
of pre-mRNAs to generate mature mRNAs. Mutations in splice junctions can disrupt splicing, potentially leading to
premature protein truncation. Nucleotides within the exonic component of the junction are also essential for splicing.
Evaluation of silent and missense variants in the exonic splice junction on RNA splicing is essential to investigate the
significance of such variants in disease pathogenesis.

Methods We analyzed cancer-associated silent and missense variants reported in the COSMIC database that are
located within three nucleotides of splice donor and acceptor sites. We examined the prevalence of these variants in
genes for which loss of function is a known mechanism of disease development. We also studied the performance of
splicing impact prediction tools and evaluated their clinical relevance as well as their alignment with experimentally
validated splicing outcomes.

Results Nucleotide composition analysis revealed a high preference for the nucleotide G at the donor 1 (d1) and
acceptor (al) positions, 87% and 69%, respectively. We observed a high prevalence of G>A and G>T variants at d1
and al positions. Interestingly, 66% to 86% of the identified variants at these positions are missense mutations, with
G >T variants being specific for this type of mutation. Evolutionary conservation analysis indicates high nucleotide
conservation for these positions at donor and acceptor sites, highlighting their importance at the nucleotide level.
The frequently occurring variants are associated with tumor suppressor genes, and 58 of the top 100 genes have
LOEUF scores below 1, indicating low tolerance to protein truncation. In contrast, such genes are rarely observed
among population variants.

Conclusions Our data driven computational study emphasizes the importance of evaluating silent and missense
variants at splice junctions to understand their impact on RNA splicing. These variants may have a neutral effect
on protein function. However, evaluating their effect at the RNA level is essential to understanding the significance
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of these variants in disease pathogenesis. This is particularly important for genes in which loss of function is the

mechanism of disease development.
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Background

Recent advances in sequencing technologies have trans-
formed our understanding of disease etiology by uncov-
ering numerous mutations associated with cancer and
various genetic disorders. Experimental characterization
of variants to determine their effects on protein/RNA
function is crucial for understanding disease pathogen-
esis. However, this is often challenging due to the large
volume of data from genomic studies. To address this
challenge, variants are evaluated based on their presence
in the healthy population, co-segregation, evolutionary
conservation, and computational predictions of their
effects on protein structure and function [1]. In addition
to variants affecting protein function, those in the non-
coding genome can influence gene expression, RNA sta-
bility, structure, and splicing.

In the eukaryotic genome, protein-coding exons are
interspersed with non-coding introns. The intronic
regions must be precisely removed from the pre-mRNA,
and the exons are joined together while maintaining the
reading frame of the protein-coding region. The splic-
ing of pre-mRNA is carried out by spliceosome complex
consisting of five major small nuclear ribonucleoproteins
(snRNPs) [2—4]. Accurate recognition of the nucleo-
tide signature at the splice junction by the spliceosome
complex is essential for proper splicing of pre-mRNA
[5]. The RNA components of the snRNPs recognize the
splice sites at the exon-intron boundaries and mediate
the assembly of the spliceosome complex members and
the precise joining of the exons. The 5" and 3’ splice sites
at the exon-intron junction consists of a specific consen-
sus nucleotide pattern essential for proper splicing. The
intronic region of the splice junction contains a dinucleo-
tide GU motif at the 5" donor site, while the 3" acceptor
site contains an AG motif. Additionally, a few nucleotides
around these motifs in both intronic and exonic regions
have a conserved consensus nucleotide pattern. The
exonic component of donor regions contains a [C/A]
AG motif, while the exonic component of acceptor sites
contains a GU motif [6—8]. In addition, exons and introns
contain enhancer and suppressor elements that regulate
the proper landing and assembly of spliceosome com-
plexes. Variants disrupting splicing sites are critical driv-
ers of cancer gene mutations, particularly in genes where
haploinsufficiency drives disease development [6, 9-12].
Mutations in the canonical splice sites lead to exon skip-
ping. The impact of variants at splice junctions is evalu-
ated using a combination of computational methods and

experimental validation [13]. The impact of a variant on
the associated gene splicing is evaluated using functional
assays, such as minigene reporter assays, RNA-seq and
targeted RT-PCR. Large-scale screening approaches,
such as the multiplexed functional assay of splicing
(MFASS) with Sort-seq, are used to study the variant
impact on splicing [14]. Computational prediction tools
are effective in identifying variants that disrupt canonical
splice sites or create new cryptic sites, due to the pres-
ence of consensus motifs at the splice junction [15-21].
However, the impact of the variants in the exonic regions
on splicing is often overlooked. These variants are pri-
marily assessed and documented for their effect on pro-
tein function. In addition to the core dinucleotide in the
intron of donor and acceptor sites, a significant propor-
tion of variants that affect splicing extend beyond the
core splice region [22]. The population variants are rare
around the splice junction while disease-causing vari-
ants are frequently observed [23, 24]. A massively paral-
lel splicing assay (MaPSy) study of disease-causing exonic
variants revealed that approximately 10% of the variants
result in altered splicing [25]. Exonic variants associ-
ated with rare diseases that disrupt normal splicing were
identified in a large cohort of samples from the 100,000
genomes project [26]. Recent ACMG guidelines recom-
mend assessing the effect of variants on splicing for up
to 3 and 1 nucleotides of the exonic regions of the donor
and acceptor arms, respectively [27]. Synonymous muta-
tions have been the focus of several genome-wide stud-
ies to assess the impact of exonic variants on splicing and
RNA stability due to their neutral effect on protein func-
tion [28-30]. However, gene centric experimental stud-
ies have shown that both silent and missense mutations
significantly affect splicing, particularly at the last three
nucleotide positions on acceptors and donors [17, 31—
33]. A study focusing on disease-associated missense and
silent variants in COL4A5 revealed that 17 of the 20 eval-
uated variants disrupt splicing from the last nucleotide
of the coding exons [34]. Most variant annotation tools
and databases primarily assess and report exonic vari-
ants impact on protein function. A detailed evaluation
of exonic variants in the context of splicing would have
significant implications for understanding disease out-
comes. In the present study, we conducted an in-depth
analysis of cancer associated silent and missense variants
at the canonical splice junction, focusing three nucleo-
tides of exonic region adjacent to acceptor and donor
sites. We have also sought to determine the prevalence of
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exonic variants in genes where loss of function is a mech-
anism of disease development, using both population and
cancer datasets.

Methods

The human canonical protein-coding genes list was
obtained from the Gencode consortium. A total of 19698
canonical protein-coding transcripts, comprising 206147
exons, were extracted from the human genome assem-
bly (v43, GRCh38) for the analysis. To preserve only the
protein-coding exons, the 5" and 3’ untranslated regions
(UTRs) of the transcripts were excluded. The orientation
of the transcripts in the reference assembly was consid-
ered while defining the donor and acceptor splice sites.
The last three nucleotides of the donor site and the first
three nucleotides of the acceptor site were extracted
from the non-redundant list of exons using bedtools.
Nucleotide positions -1, -2, and -3 of the donor sites
are denoted as d1, d2, and d3, while positions+1, +2,
and + 3 of the acceptor sites are denoted as al, a2, and a3,
respectively.

Missense and silent variants reported in the COSMIC
database were extracted and overlapped with the donor
and acceptor sites using the bedtools intersect function.
The annotation of unique silent and missense variants
at the donor and acceptor sites was performed using
ANNOVAR and VEP (v114) tools [35, 36]. ANNOVAR
provided annotations from several genomic databases,
including RefGene, gnomAD, ICGC, ClinVar, dbNSFP
(v47a), and COSMIC. The COSMIC variants were fil-
tered using a gnomAD allelic frequency cutoff of 0.1% in
order to exclude those that are commonly found in the
population. The Genome Aggregate Database (gnomAD)
represents an extensive repository of populations vari-
ant data and provides valuable insights into the inter-
pretation of novel genes, especially for rare diseases and
to study biological effects of genetic variation [37]. The
silent and missense population variants at the splice
junctions from the gnomAD database were extracted
as described for the COSMIC datasets. The gnomAD
datasets compiled by ANNOVAR were used to identify
population variants at the exonic components of splice
junctions (v4.1). A minor allele frequency (MAF) thresh-
old was used to categorize population variants as very
rare or common: <0.1% for very rare variants and >0.1%
for rare and common variants.

The clinical significance of the variants identified in
the COSMIC and gnomAD datasets was investigated
using the ClinVar database, a large collection of publicly
curated records that aid in understanding the pathoge-
nicity of variants [38]. ClinVar (v240917) variant anno-
tation was performed using the ANNOVAR tool. To
infer the evolutionary conservation of the variants, we
used the PhastCons score. PhastCons employs a Markov
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model to determine the likely contribution of individual
nucleotides to conserved elements [39]. PhastCons20
is derived from the alignment of 20 vertebrate species.
The score indicates the probability of conservation at
the nucleotide level and ranges from 0 to 1. The Loss-of-
Function (LoF) mutations can have deleterious effects or
no effect on protein function. Genes with pathogenic LoF
mutations are found in low numbers in natural popula-
tions due to the effects of purifying selection [40]. The
loss-of-function (LoF) impact of the variant on the asso-
ciated genes was assessed using the Loss-of-Function
Observed/Expected Upper Bound Fraction (LOEUF)
score [41]. This metric evaluates the tolerance of genes
to protein-truncating variants based on their prevalence
in the healthy population. A LOEUF score below 0.33
is considered to have a significant impact on gene func-
tion, while a score above 1 is generally associated with a
relatively neutral effect. Scores between 0.33 and 1 are
considered to have a moderate to less severe effect. The
incidence of each individual variant in the COSMIC can-
cer dataset was obtained using the ANNOVAR tool. The
list of tumor suppressors, oncogenes, and Cancer Gene
Census (CGC) genes was obtained from the COSMIC
database [42]. The CGC is the largest collection of genes
associated with cancer development. It includes genes
with mutations that cause cancer, as well as genes with
a predisposition to develop cancer and inherited in the
population. The significance of the overlap was calculated
by hypergeometric test implemented in the R function
“phyper” The statistical significance of genes with low
LOEUF scores in the COSMIC and gnomAD datasets
was assessed using a two-sided chi-square test imple-
mented in the R function “chisq.test” A Kruskal-Wallis
rank-sum test was conducted using R to assess variant
count differences among cancer tissue types. To deter-
mine the top genes with the most variants at the donor
and acceptor sites, we normalized the number of variants
per exon at each splice site. To avoid variability due to
the number of exons per gene, we used exon count as the
normalizing factor.

The impact of the variants on splicing was assessed by
employing in silico prediction programs SpliceAl (v1.3),
Pangolin (v1.0.1), CADD (v1.7), SPiP (v2.1) and Max-
EntScan (v2004.04.21-4) [16, 19-21, 43]. The variant
annotation tools VEP was used to derive the pre-com-
puted SpliceAl score and to calculate MaxEntScan score.
While evaluating the variants, we applied a MaxEntScan
difference score greater than 0 as the cut-off to visualize
potential splice site impacts. In addition to this, the alter-
nate (alt) MaxEntScan score can be used to stratify the
variants as high (< 6.2), moderate (6.2-8.5), or low (> 8.5)
potential to disrupt the native splice site [44]. CADD
(v1.7) and Pangolin scores were obtained from the source.
We obtained a total of 1749 experimentally validated
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splice-altering variants and 401 variants that do not affect
splicing. Most of the variants were obtained from Splice-
VarDB, MutSpliceDB and the datasets curated by Li et
al. [45-47]. The receiver operating characteristic (ROC)
curve analysis was performed using the function “roc”
from the R package pROC. We looked up for the precal-
culated 49 human tissues specific aberrant splicing effect
scores generated by AbSplice [48]. The exonic splice junc-
tion variants of TP53 were visualized using ProteinPaint
[49]. For each variant, the highest splicing effect score
among the 49 tissues was used to assess the impact of
the variant. The experimentally evaluated splice impact-
ing donor and acceptor site variants reported in SpliceV-
arDB were overlapped to all, COSMIC and gnomAD sites
and visualized as a river plot using the R package “ggsan-
key” The same approach was applied to identify overlaps
between the variants and the ClinVar datasets.

Results

Advances in integrating experimental data and computa-
tional prediction algorithms have significantly improved
the accuracy of human genome annotation [50]. The
Gencode consortium provides a high-quality annota-
tion of the human genome. A total of 206,147 exons in
canonical protein-coding genes are reported in the Gen-
code database (v43, GRCh38). This encompasses 183,518
acceptor and 183,569 donor sites (Fig. 1A). A consen-
sus motif prediction at the splice junction indicated an
enrichment of specific nucleotide patterns within the
donor and acceptor splice sites (Fig. S1) [31]. A distinct
consensus nucleotide pattern, consisting of up to three
nucleotides in the donor arm and two nucleotides in
the acceptor arm, exists as part of the exons at the splice
junctions (Fig. S1). The exons showed enrichment of
nucleotides G, A and [C/A] at positions -1, -2 and -3 of
the donor sites (referred to as d1, d2 and d3, respectively)
with frequencies of 80%, 64% and 69%, respectively. At
the +1 and +2 positions of acceptor arm of the exons,
49% of G and 37% of U were detected, respectively. We
evaluated missense and silent mutations at these sites, as
well as their potential impact on splicing, in both cancer
patients and the healthy population. The cancer datasets
were obtained from the Catalogue of Somatic Mutations
in Cancer (COSMIC) database (v98). For the comparative
analysis, very rare and common variants from the healthy
population were obtained from the Genome Aggrega-
tion Database (gnomAD) (v4.1) [37, 51]. We identified
protein coding silent and missense variants, reported
in the COSMIC database, that are located within three
nucleotides of the donor and acceptor splice junctions.
In the donor sites d1, d2 and d3, we identified a total of
30,738, 19,008 and 19,642 unique SN'Vs respectively. We
also found 20,863, 18,083 and 20,317 sites in the acceptor
sites al, a2 and a3, respectively (Fig. 1A). We observed a
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preferential alteration of certain nucleotides in the donor
and acceptor sites in cancer dataset (Fig. 1B). The gua-
nine (G) nucleotide is most commonly altered at the d1
and al sites, accounting for approximately 87% and 69%
of their respective distributions. However, it is present in
the proportion of 80% and 49% of d1 and al sites, respec-
tively, in the protein-coding exons of the human genome
(Fig. S1). We observed a different scenario at position d2,
where we find 64% of sites with nucleotide A in the over-
all distribution, while only 38% of cancer-associated sites
have nucleotide A. We find high preference for G and C
nucleotides in a3, a2, and d3 sites. Subsequent analysis
of the nature of the nucleotide changes revealed a higher
frequency of G>A and G>T variants at the initial posi-
tion of the donor splice site (d1) and the initial position
of the acceptor splice site (al) (Fig. 1C, Table S1). Nota-
bly, a higher prevalence of G>T mutations emerged,
with 12,176 and 4518 sites observed at positions d1
and al, respectively. Additionally, G>A mutations are
prominently featured, adding up to 12,071 and 8503 sites
specifically at d1 and al, respectively. Further examina-
tion of the data reveals that positions d2, d3, a2, and a3
exhibit a complex landscape characterized by irregularly
distributed mutations. At position d2, we found a higher
frequency of C>T and A > @G variants. At position a2, we
found C>T and G>A variants, which are also the two
most frequent types observed at positions a3 and d3.
Within these regions, a higher prevalence of C>T muta-
tion is observed covering 4438 sites in d2, 4497 in d3,
and 5048 in a3. On the other hand, there are more A>G
mutations in d2, covering 3735 sites, which is relatively
less prevalent in other sites. A preferential pattern of can-
cer-associated variants indicates nucleotide-centric func-
tion at these sites.

Missense variants are more abundant at the splice junction
Silent variants are often the focus of studies on the
effect of protein coding variants on splicing [28, 30,
52, 53]. However, our analysis of silent and missense
variants within exonic splice junctions revealed a strik-
ing prevalence of missense variants compared to silent
variants. Approximately 10 to 17% of human acceptor
and donor sites are represented at least once in the
COSMIC dataset (Fig. 2A, bottom). Most of these sites
(between 66 and 86%) are missense mutations, while
a smaller percentage (between 14 and 34%) are silent
mutations (Fig. 2A, top). Approximately 17% of donor
sites (30738 sites at position d1) are involved in can-
cer patients. The majority of these sites (78%) are mis-
sense mutations, while the remaining 22% are silent
mutations (Table S1). Similarly, 11.5% of acceptor
sites at position al are found in the COSMIC dataset.
The majority (86.1%) of these mutations are missense,
while the remaining 13.9% are silent. Interestingly, at
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Fig. 1 Preferential alteration of certain nucleotides in silent and missense variants at the splice junction. (A) Workflow for identifying cancer-associated
somatic silent and missense variants at the splice junction. The donor and acceptor sites were obtained from the GENCODE. Silent and missense variants
from the COSMIC database overlapping the three exonic nucleotides at the donor splice site (positions d1, d2, and d3) and the three exonic nucleotides
at the acceptor splice site (positions al, a2, and a3) were identified. (B) The reference nucleotide composition of sites with silent or missense variants in
the COSMIC database. Bars are color-coded by the reference nucleotide base. (C) The COSMIC nucleotide variant signature in the exonic donor and ac-
ceptor sites. The x-axis represents the reference and variant nucleotides while the y-axis shows the total abundance of each variant. Bars are color-coded

according to the type of nucleotide change

position d1, we find almost equal numbers of silent
and missense variants in the gnomAD common vari-
ants, with 54% and 46%, respectively (Table S1).

We also observed a distinct nucleotide pattern among
missense and silent variants. A relatively higher rate of
G > A nucleotide changes was observed at the d3, al, a2,
and a3 sites in missense variants (Fig. 2B and Table S2).
Missense variants with G>T nucleotide changes were
frequently observed at the d1 sites. A higher number of
G>T (11282) and G> A (7493) mutations were observed

at the missense donor site d1. Similarly, 4286 G>T and
7011 G>A mutations were found in missense acceptor
site al. Interestingly, missense variants at the d2 site are
enriched for A>G and C>T variants. Among missense
variants, C>T variants were relatively more abundant at
d2, d3, a2, and a3 sites. We also evaluated the distribution
of donor and acceptor site variants across cancer tissues
and found no preferential enrichment at specific sites
in COSMIC samples (Fig. S2A). Furthermore, a com-
parative analysis of the total distribution of variants in
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samples with at least one variant indicated an increased
abundance of variants in skin, lung, and endometrial tis-
sues (Fig. S2B). The median occurrence of exonic splice
junction variants was 0 across all tissue types. However,
we observed a significant difference in variant abundance
among tissue types (Kruskal-Wallis test, p-value < 2.2E-
16; Table S3).

A
Occurrence=3: 2.7% Occurrence=4: 0.9%
n = 3,425 n=1,120
Occurrence>=5: 0.8%
Occurrence=2: 12.6% n =977
n=16,224

Occurrence=1: 83.1%
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The silent and missense variants of the splice junctions are
often found in the gene with loss of function

The recurring abundance of variant at the same site in
the cancer patients provides compelling evidence for its
role in the gene function. We found approximately 17%
of the silent and missense variants associated with splice
sites occurred at least twice in the COSMIC dataset
(Fig. 3A). Disease-associated variants are often linked to
specific sets of genes, including tumor suppressors and
oncogenes. Mutations in tumor suppressor genes pro-
mote uncontrolled cell growth and cancer development,
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Fig. 3 Recurrent mutations are more prevalent in cancer-associated genes. (A) The cancer associated exonic splice junction variants recurrence is shown
in the pie chart. (B) The percentage of tumor suppressor genes, oncogenes and COSMIC cancer gene census (y-axis) genes with the occurrence of vari-
ants >=2 and >=5 (x-axis). (C) The block bar graph shows the number of unique variants in each gene at the donor and acceptor positions. The top 100
genes with total variant counts and per exon count above 0.4 at each donor or acceptor sites are indicated in the figure. The genes are color-coded and
the corresponding variant count per exon for each donor and acceptor position is indicated in the figure
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while oncogenes drive tumor formation when mutated or
overexpressed. We evaluated the distribution of variants
in tumor suppressor genes (TSG), oncogenes, and genes
strongly associated with cancer, as listed in the Cancer
Gene Census (CGC) curated by COSMIC. Variants with
two or more occurrences, approximately 10% are associ-
ated with the CGCs, 5% with TSGs, and 4% with onco-
genes (Fig. 3B). Among the 758 CGCs, 325 oncogenes,
and 324 TSG genes, 530, 224, and 248 genes, respectively,
contained at least one variant occurring two or more
times (p=3.66E-11, 7.66E-05, 6.81E-12, respectively),
whereas 120, 51, and 59 genes, respectively, contained at
least one variant occurring five or more times (p=1.48E-
29, 7.64E-13, 9.61E-18, respectively). A more detailed
examination of variants occurring five or more times
unveils that 22% of them (219 sites in 120 genes) are con-
nected to CGC. Among these, 12% are present in TSGs,
featuring notable genes such as TP53 (25 variants), VHL
(9 variants), and PTEN (7 variants), which are associated
with both TSG and CGC (Table S4). Additionally, 12%
of the variants are linked to oncogenes, including SF3B1
(6 variants), AR (4 variants), and ALK (2 variants). This
analysis underscores the elevated presence of tumor sup-
pressor genes in the splice junction associated missense
and silent variants.

An evaluation of frequency variants across all six splice
sites per exon in genes revealed an association of key
genes with loss-of-function (LoF) as a mechanism of dis-
ease development (Fig. 3C, Table S4). Notably, the TP53
tumor suppressor gene was among the top six genes in
all donor and acceptor positions in genes with an overall
higher frequency of variants (Fig. S3). We observed a high
prevalence of CDKN2A variants at donor sites d1 and d2.
CDKN2A is a tumor suppressor gene, and its inactiva-
tion leads to cancer development. Of the top 5 genes with
increased overall variants at the d1 sites, 4 are tumor sup-
pressor genes whose loss of function is the mechanism of
disease development. The acceptor site al showed a fre-
quency of 1.27 for TP53. The donor site d1 was found to
be more frequently associated with CDKN2A, while the
al site was more commonly linked to TP53. The PTEN
gene, characterized by LoF was found in four positions
(d1, d2, al, and a3). We note that some tumor suppressor
genes, such as RUNX1, APC, BRAF, MYC, and RB1, are
among the most highly enriched genes in the donor and
acceptor sites.

The LOEUF (Loss-of-function Observed/Expected
Upper Fraction) score is used to assess the degree of
constraint on protein-coding genes with respect to loss-
of-function (LoF) mutations, such as stop-gain or frame-
shift mutations. It is a metric developed by the gnomAD
(Genome Aggregation Database) consortium using the
population data to identify genes that are intolerant to
such mutations which can provide insight into the impact
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of splice site associated silent and missense variants on
splicing. We evaluated the association of genes LOEUF
scores and their total variant count at all six donor or
acceptor sites (Table S5). A total of 56,162 sites (43.65%)
were found in genes with LOEUF scores below 0.66. Of
these, 82.8% of the sites occur once, while the remaining
17% of the sites occur more than once in cancer patients.
Approximately 1% of the sites show at least five occur-
rences, with 473 sites identified across different cancer
types (including stomach, skin, liver, kidney, and lung).
A comparative analysis of genes with more frequent
occurrences of variants in cancer (COSMIC) and popu-
lation (gnomAD) datasets revealed a high prevalence of
variants in the genes with LOEUF scores below 1 in can-
cer patients. Interestingly, 29 of the top 50 genes have a
LOEUF score of less than 1 (Fig. 4A). These include sev-
eral key cancer-associated genes with LoF due to trunca-
tion or deletion as a mechanism of disease development.
However, we observed only a very small number of genes
(6 and 8 in MAF<0.1% and >=0.1%, respectively) with
splice junction exonic variants and a LOEUF score of
less than 1 in gnomAD population datasets. Analyzing
the top 100 genes in each dataset and comparing their
LOEUF scores indicated 46 genes in the COSMIC datas-
ets are characterized by low LOEUF scores (< 0.66), while
only 4 genes in the gnomAD dataset (MAF<0.1%) have
LOEUF scores below this threshold (Fig. 4B). Interest-
ingly, only 3 of the top 100 genes in the healthy popula-
tion (gnomAD<0.1%) have LOEUF scores below 0.33,
while 21 genes in the COSMIC datasets fall below this
threshold. A two-sided chi-square test of independence
revealed that the differences in proportions of genes with
LOEUF scores below 1 across the datasets were statisti-
cally significant (p<0.001), indicating that the COSMIC
dataset is strongly enriched for genes under constraint
relative to gnomAD. This suggests an importance of a
proper evaluation of loss-of-function (LoF)-associated
mechanism in exonic variants at the splice junction.

Splice site variants impact prediction tools performance on
the exonic variants

Splice site prediction tools are critical to the prediction
of the effect of variants on splicing of the exonic variants.
Majority of these tools are designed specifically for donor
and acceptor sites and use machine learning, statistical
models or neural networks for the prediction. We evalu-
ated the performance of the prediction tools SpliceAl,
CADD (v1.7), Pangolin, MaxEntScan and SPiP in predict-
ing the effect of silent and missense variants in the exonic
component of the splice junction. We used the variant
annotation tools: Variant Effect Predictor (VEP) to derive
the prediction score for variants at the donor and accep-
tor sites. The SpliceAl tool calculates Acceptor Loss (AL),
Acceptor Gain (AG), Donor Loss (DL), and Donor Gain
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(DG) scores for the variants. SpliceAl evaluated 122,863
out of 128,651 sites, with d1 having the highest annota-
tion (n=29360) (Fig. 5A). Variants likely to affect splic-
ing events were identified with a delta score threshold
greater than 0.22. The donor loss delta score exceeded
0.22 for the d1 donor site variants, with a median score
of 0.39 which indicates most d1 sites variants impact
the normal splicing. However, a donor loss score of less
than 0.22 was observed in the majority of d2 and d3 sites.
The acceptor loss score was comparatively higher at the
acceptor sites. However, at the majority of the sites we
found the score below 0.22 cut-off. Pangolin is a deep-
learning-based method and the prediction scores range
from O to 1. We obtained the Pangolin score for 128,651
sites. We observed 20,168 donor d1 sites above the 0.20
threshold, indicating that a substantial number of d1 sites
have an effect on splicing. Only a small fraction of al
and d2 sites showed the score above 0.20 (Fig. 5B). Max-
EntScan uses a sliding window algorithm (SWA). It eval-
uates the effect of variants on splicing as determined by
reference and alternate allele difference scores for donor
or acceptor specific effect. In addition, MaxEntScan also
provides a combined difference score. The tool predicted

the impact of all the identified variants on splicing. We
observed majority of the dl1 sites (#=29073) with a
median of 4.452 difference score, crossing the minimum
threshold. In addition, d2 (n=12826) and d3 (z=11020)
also had median donor difference score above 0, indicat-
ing that more than half of the variants at these sites are
above the threshold (Fig. 5C). Conversely, a substantial
proportion of the acceptor sites had an acceptor differ-
ence score above the threshold. The median for al and
a3 positions was above 0. Relative to d1, a small fraction
of acceptor sites exhibited a higher splicing loss score.
CADD (v1.7) is an advanced prediction model which uti-
lizes conservation scores and several prediction scores to
assess the variant impact at the protein and RNA level.
It includes splice prediction tools such as MMSplice and
SpliceAl for the detailed assessment of potential splice
site disruptions. CADD (v1.7) generates splice prediction
scores on a scale of 0 to 100, with a suggested threshold
cut-off of 20 and above for splice disruption. CADD(v1.7)
annotated a total of 99,746 exonic sites in the COSMIC
splice junction datasets (Fig. 5D). The donor site dl
and the acceptor site al had a median score of 33 and
26.6, respectively. Both sites have a majority of variants
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above the threshold of 20, indicating a strong likelihood
of splice site loss at these positions (Table S6). The sites
d2 and d3 have median scores of 26.2 and 25.2, respec-
tively, with more than 64.5% and 78.9% of their annotated
sites above the threshold. The Splicing Prediction Pipe-
line (SPiP) is a machine learning based prediction tool
designed for large scale prediction. It provides scores
ranging from O to 1, with a cutoff of above 0.45 for the
splicing impact. The tool annotated all the identified vari-
ants and 83% of d1 sites having scores above the cut-off,
with a median score of 0.97 (Fig. 5E). In addition, 33%,
17%, and 34% of the d2, d3, and al sites, respectively, had

prediction scores above the threshold. We evaluated the
performance of these tools using experimentally vali-
dated splice-impacting variants [45, 46]. A total of 1749
splice-altering variants and 401 non-splice-altering vari-
ants were identified.

Receiver operating characteristic (ROC) curve analy-
sis revealed nearly identical area under the curve (AUC)
scores of 0.9 for SpliceAl, Pangolin, and MaxEntScan.
We observed an AUC score of 0.87 for SPiP and 0.74 for
CADD. These scores indicate that splicing-focused pre-
diction tools can perform better in predicting the effect
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of silent and missense variants at the splice junction (Fig.
S4).

Variants at the splice junctions are highly conserved and
functionally important

The assessment of the evolutionary conservation is criti-
cal because splice sites are preserved by natural selec-
tion. The Phastcons score is a nucleotide-level measure
of conservation that may indicate a splicing-related role
of silent and missense variants at the junction. In the
cancer-associated (COSMIC) variants, we observed high
Phastcons scores for the majority of sites with median
values of 0.99 for positions d1, d2, and d3, 0.98 for a2 and
a3, and 0.97 for al (Fig. 6A, Table S7). Conversely, in the
gnomAD dataset, a broad range of Phastcons scores from
0 to 1 was observed. In the frequent population (gno-
mAD) variant datasets, representing healthy populations,
first-quartile values predominantly around 0.14 to 0.28,
with d3 exhibiting the highest median of 0.94. This sug-
gests that a substantial number of variants, particularly
those associated with cancer samples, exhibited Phast-
cons scores close to 1, indicating evolutionary pressure
on splice sites.

The impact of exonic splice junction variants is best
assessed through transcriptome data, where tools like
AbSplice provide critical insight into their potential to
disrupt normal splicing. It applies deep learning mod-
els trained on large-scale transcriptomic data to assess
impact of variant on normal splicing [48]. We evaluated
the pre-computed AbSplice score calculated using 49 tis-
sues from Genotype-Tissue Expression (GTEx) dataset
(Fig. 6B, Table S8). The AbSplice score between 0.05 and
0.2 indicates a medium likelihood of the aberrant splicing
while above 0.2 high likelihood for the aberrant splicing.
Of the 25,221 COSMIC donor d1 variants we find 80%
of the sites above the 0.05 cut-off while 45% of the sites
above 0.2 high likelihood cut-off. In other exonic donor
sites we find 31-37% of the variants above 0.05 cut-off
(Table S8). The effect of splice site associated silent and
missense variants on gene function was assessed by using
the impact of the variant on the development of disease
as provided in the ClinVar database. It primarily catego-
rizes variants into benign, likely benign, uncertain signifi-
cance, likely pathogenic and pathogenic based on their
clinical significance, disease association, impact on gene
function and biological relevance extracted from the lit-
erature [38]. We found that 5-6% of donor and accep-
tor sites were reported in the ClinVar database. A major
proportion (65%) of these sites are classified as variants
of uncertain significance, which underscores the impor-
tance of properly evaluating their impact (Fig. 6C and
Table S9). We also searched the ClinVar database for
COSMIC and gnomAD variants (Table S9). The COS-
MIC dataset has a remarkable distribution of variants,
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with a substantial proportion (2-4%) falling into the
pathogenic and likely pathogenic categories (Fig. 6C,
Table S9). In position d1, a total of 1584 variants were
reported in ClinVar, of which 261 variants (16.4%) were
classified as pathogenic/likely-pathogenic, while 103
variants (6.5%) in the benign/likely-benign category.
In addition, a major proportion (1020) of the variants
in position d1 are classified as uncertain significance,
which highlights the need for further validation of these
variants. Similarly, in the position al, a total of 963 vari-
ants were found in ClinVar. Of these, 7.2% are classified
as pathogenic/likely-pathogenic, 9.4% as benign/likely-
benign, and 76% as uncertain significance. In contrast, a
relatively higher proportion (ranging from 10% to 22%) of
common (gnomAD) variants in the population are classi-
fied as benign or likely benign in ClinVar (Fig. 6C). In the
a3 position, 314 out of 348 reported variants are benign,
while no pathogenic variant has been reported. Similarly,
in the al position, out of 182 variants reported in Clin-
Var, 143 variants were classified as benign/likely benign.
We also examined the presence of exonic splice variants
in SpliceVarDB. This database contains a comprehen-
sive collection of functionally demonstrated splice site
variants [45]. We found that 0.1%—0.9% of the variants
in exonic splice junctions were reported in SpliceVarDB
(Fig. 6D, Table S10). Of these, 0.9% of the d1 site vari-
ants were reported in the database. We found that 47% of
these variants were reported as splice-altering, while an
additional 43% were reported as having a low-frequency
impact. Only 10% of the variants were reported as nor-
mal, with no impact on splicing. Interestingly, nearly 97%
of the reported COSMIC d1 site variants are classified as
splice-altering (70%) or low-frequency (27%). Very few
sites are reported to have no impact on splicing. This
indicates the importance of proper evaluation of variants
at exonic splice junctions.

Discussion

Splicing of pre-mRNA is an essential mechanism to
ensure proper removal of introns and in-frame joining of
protein-coding exons. Mutations affecting splice sites and
splicing regulatory elements can lead to aberrant splic-
ing. The consensus nucleotide motifs present at the exon-
intron splice junction are the key components for proper
recognition by the spliceosome complex to establish
accurate splicing. The nucleotides present on the exonic
side of the junction are also important for proper splicing
[17]. The exonic component of donor regions contains a
[C/A]AG motif in 60% of exons, while the exonic com-
ponent of acceptor sites contains a G/A motif in 70% of
exons. Variants present at these sites are often assessed
for their effect on protein function. In a large-scale study
of rare natural genetic variants, 3.8% were found to affect
splicing; of these, 13% were synonymous and 27% were
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missense [14]. Several gene-centric screening assays and
RNA sequencing data from patient material indicated the
effects of missense and silent variants on splicing [45, 54].
A recent study on the coding variants of SPINK1 gene
using a full-length gene-splicing assay identified 12 vari-
ants that potentially interfere with normal splicing. Of
these, 11 are missense variants and 1 is a silent variant.
Of these variants, 10 are located within 2 nucleotides of
the splice junction. All three possible nucleotide vari-
ants (G>N) at donor site 1 of exons 1 and 2, two vari-
ants (G>C and G>T) at acceptor site 1 of exon 2, and
two variants (A >G and A > T) at d2 of exon 2 could affect
normal splicing [55]. A missense variant p.C370Y and a
silent variant p.52479S at the donor site d1 of the VWF
gene disrupt the normal splicing and cause exon skipping
[33]. Loss of function mutations in the tumor suppres-
sor gene NF1 cause one of the most common diseases,
neurofibromatosis type 1. The missense variant p.K1423R
in the last three nucleotides of the acceptor arm of exon
32 affects splicing and causes exon skipping [32]. A mis-
sense variant, p.Q449H, present at donor site d1 of the
TTC8 gene in a patient with retinitis pigmentosa affects
splicing and results in premature truncation of the pro-
tein [56]. The transcription factor POU1F1 is essential
for the normal expression of growth hormone (GH). A
high-throughput screening assay of the exon 2 variants
identified in patients with pituitary hormone deficiency
revealed several splice disruptive silent and missense
variants [57]. All three potential variants in the exonic
region of donor sites d1 (G>N) and d2 (A >N), as well as
only the C>T variant in d3, could affect splicing. At the
acceptor site al (T >N) and the C> G variant at position
a2 also disrupted splicing. These variants could poten-
tially lead to missense or synonymous changes. Muta-
tions in the SCN1A gene are associated with epilepsy
phenotypes and functional analysis of 21 reported exonic
variants identified 15 variants that affect normal splicing.
Four of these variants are located at the d1 donor site,
and one is located at the d2 donor site. Additionally, one
variant at each acceptor site (a3 and al) caused splicing
impairment [58].

Here, we used somatic variants reported in cancer
samples from the COSMIC database to survey the mis-
sense and silent variants at splice junctions. We observed
10-17% of the donor and acceptor sites have at least one
missense or silent variant. The prevalence of a distinct
nucleotide pattern and the enrichment of certain muta-
tion signatures suggest a functional role at the nucleotide
level at these positions, rather than at the amino acid
level. Several genome-wide studies have focused solely
on silent variants to examine their effects on splicing and
RNA structure [28-30, 52, 53]. However, in our analy-
sis, we found that 65% to 86% of cancer associated donor
and acceptor sites contain missense variants. Available
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experimental evidence also suggests the impact of several
missense variants on RNA splicing (Table S11) [45, 47].
This underscores the need to primarily consider nucle-
otide-level alterations in the exonic components of the
splice junction. The ACMG guidelines recommend up
to three nucleotides in the donor site and one nucleotide
in the acceptor site of the exons. The current evidences
suggest that up to 3 nucleotides in both the directions
has to be considered for the experimental and functional
evaluations to assess the impact of splicing (Table S11)
[45, 47]. In addition, we observed that the vast majority
of sites had a high PhastCons score, with a median value
greater than 0.95. PhastCons is a measure of evolution-
ary conservation at the nucleotide level and in a silent
(p.E224E) anddicates that these regions are highly con-
served. This conservation underscores the functional
importance of these regions and reinforces the need for
careful assessment of the splicing-associated role of any
sequence variation within them.

Tumor suppressor genes and oncogenes frequently
harbor driver mutations that are essential for the cancer
development. In tumor suppressor genes, loss of function
mutation is the most common underlying mechanism
that contribute to the disease development. In our analy-
sis, we found that approximately 5% of recurrent muta-
tions (occurrence at least twice) are located in tumor
suppressors or oncogenes. In addition, a comprehensive
catalogue of cancer associated genes Cancer Gene Cen-
sus (CGC), curated by COSMIC, are also key genes asso-
ciated with cancer development. The recurring presence
of the same variant across multiple cancer samples serves
as an indicator of its potential pathogenicity. We identi-
fied about 10% of the variants occurring in at least two
samples as part of the CGC genes. In addition, approx-
imately 22% of the sites with at least 5 occurrences are
enriched in CGC genes.

Splice-impacting variants at exon boundaries can lead
to exon skipping or intron retention, both of which may
result in premature protein truncation. The gnomAD
consortium derived a metric, LOEUF score, based on the
prevalence of protein truncating variants in the healthy
population. LOEUF score below 0.66 is considered to be
intolerant for the protein function. We identified a total
of 56,162 cancer associated sites (44%) located in genes
with a LOEUF score below 0.66, of which 17% occur at
least twice in the cancer datasets. This highlights the
potential relevance of splice-junction variants for tumori-
genesis and the necessity to evaluate them for splicing
disruption. Protein-truncating variants are typically dis-
persed throughout the gene locus rather than being con-
centrated in a specific region of the protein. We found
TP53 among the top genes with the highest frequency of
variants at donor and acceptor sites, many of which have
been experimentally validated. The variants c.G672A
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and c.G672T, representing a silent (p.E224E) and mis-
sense (p.E224D) alteration at the protein level, can induce
abnormal splicing that may result in protein truncation
[47, 59]. The substitutions at the donor site d1 position
375 of TP53 ¢cDNA (c.G375A, ¢.G375T, ¢.G375C), which
represents potentially a silent change at the protein level
(p.T125T), lead to complete disruption of splicing and
cause exon skipping [60, 61]. The variants are prevalent
in pediatric adrenocortical tumor which is driven by
TP53. However, at position d2 of exon 4 (374), all three
nucleotide alterations encoding the missense variants
p.T125M, p.T125R, and p.T125K exhibit very mild to no
effect on RNA splicing. Interestingly, at the d3 position,
the variants c.A373G (p.T125A) and ¢.A373C (p.T125P)
partially affect normal splicing [45, 60]. In addition, plas-
mids expressing these variants at the d2 and d3 positions
are capable of producing full-length proteins, although
the transactivation potential of TP53 is reduced as a
result of these mutations [60]. This underscores the need
for a functional evaluation of the variants impact on
splicing. We found a striking association with the genes
having a greater number of cancer associated variants
with the LOEUF score below 0.66 while very few such
genes among top variants from population datasets. This
indicates the importance for a detailed evaluation on the
impact of exonic variants at the splice junction.

Our evaluation of splice prediction scores indicates that
at least 75% of COSMIC variants at site d1 are predicted to
affect splicing. For at least 50% of the acceptor site al vari-
ants, the majority of the tools predict a positive impact on
splicing. These predictions were consistent across mul-
tiple algorithms, underscoring the utility of integrative
approaches in variant interpretation. While evaluating the
performance of the tools using experimentally validated
variants, we observed nearly equal AUC scores of 0.9 for
MaxEntScan, SpliceAl, Pangolin and SPiP, whereas CADD
(v1.7) showed a score of 0.74. The relatively lower predictive
performance of CADD (v1.7) may be due to the inclusion
of several layers of features at the protein, DNA and RNA
levels when predicting the impact of the variant. Since our
study is restricted to three protein-coding nucleotides in
the exonic component of splice junction, the splice centric
tools may perform better. Our analysis was also limited by
the small number of experimentally validated variants. A
large-scale, community-driven experimental evaluation of
the identified variants may help to improve the performance
and evaluation of these tools. Our comparative analysis of
the exonic splice junction variants suggests a higher abun-
dance of variants in skin, lung and endometrial tissues.
However, these observations should be interpreted with
caution due to the uneven representation of cancer types in
COSMIC database and our study focuses on specific exonic
regions for characterizing the splicing impact.
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A high degree of evolutionary conservation was observed
at exonic splice sites associated with cancer datasets, relative
to population variants. The PhastCons score, which reflects
nucleotide-level conservation, suggests a potential DNA or
RNA level functional role for these missense and silent vari-
ants at splice junctions. We also evaluated the variants in the
ClinVar database for their pathogenicity. The ClinVar data-
base provides a comprehensive collection of variants asso-
ciated with inherited diseases and cancer. Approximately
5-6% of all exonic donor and acceptor sites are reported
in the database. Of these, around 65% are classified as vari-
ants of uncertain significance. A large proportion of variants
at exonic splice junctions have not been evaluated or are
reported as variants of uncertain significance with respect
to their impact on gene function and disease development.
To address this, a deep learning model such as AbSplice
leverage RNA-seq data to predict splice disruption. This
approach can help accurately determine the effect of a vari-
ant on splicing. Our analysis of the precomputed tissue-
specific aberrant splice scores identified that around 45% of
COSMIC exonic splice junction variants at the d1 site have
a high likelihood of causing aberrant splicing at least in one
tissue. A model trained using RNA-seq data from disease
cohorts could enable more precise identification of splice-
disruptive variants [62]. Our evaluation of experimentally
validated splice site exonic variants in the SpliceVarDB
indicated that approximately 64% of the reported COSMIC
variants are splice-altering, while an additional 34% are cat-
egorized as low-frequency with moderate predicted impact.
Despite this, only 0.3% of total exonic sites at splice junc-
tions (three nucleotide positions from the donor or acceptor
site) have been experimentally evaluated for their impact on
splicing.

Conclusions

Our study underscores the importance of performing
comprehensive variant analysis and validation to accu-
rately determine the clinical significance of variants in
the intronic and exonic components of splice junctions.
Silent and missense variants may demonstrate a neu-
tral effect on protein function; however, evaluating their
impact on DNA or RNA function is essential to under-
stand the significance of such variants in disease patho-
genesis. Therefore, a thorough, standardized analysis of
exonic splice-junction variants is essential for accurate
clinical interpretation and precision oncology. Our com-
putational study identified potential exonic splice junc-
tion variants associated with splicing in the COSMIC
and gnomAD datasets. These datasets lack comprehen-
sive representation of all demographic variables such as
age, sex, and ancestry. In addition, the COSMIC database
contains uneven distribution of cancer type and certain
predicted splice-impacting variants may be enriched
or specific to individual tumor types. Furthermore,
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experimental evaluation of the functional impact of these
variants at splice junctions could help stratify splice-
impacting variants from those affecting protein function.
This would improve the diagnostic process for cancer-
associated genes. In particular, variants present in genes
for which loss of function is the mechanism of disease
development require special attention.
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