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SpliceVault predicts the precise nature of 
variant-associated mis-splicing

Ruebena Dawes    1,2,3,4, Adam M. Bournazos    1,2,3,4, Samantha J. Bryen    1,2,3, 
Shobhana Bommireddipalli1,3, Rhett G. Marchant1,2,3, Himanshu Joshi1,3,5 & 
Sandra T. Cooper    1,2,3,5 

Even for essential splice-site variants that are almost guaranteed to 
alter mRNA splicing, no current method can reliably predict whether 
exon-skipping, cryptic activation or multiple events will result, greatly 
complicating clinical interpretation of pathogenicity. Strikingly, ranking the 
four most common unannotated splicing events across 335,663 reference 
RNA-sequencing (RNA-seq) samples (300K-RNA Top-4) predicts the nature 
of variant-associated mis-splicing with 92% sensitivity. The 300K-RNA 
Top-4 events correctly identify 96% of exon-skipping events and 86% of 
cryptic splice sites for 140 clinical cases subject to RNA testing, showing 
higher sensitivity and positive predictive value than SpliceAI. Notably, 
RNA re-analyses showed we had missed 300K-RNA Top-4 events for several 
clinical cases tested before the development of this empirical predictive 
method. Simply, mis-splicing events that happen around a splice site in 
RNA-seq data are those most likely to be activated by a splice-site variant. 
The SpliceVault web portal allows users easy access to 300K-RNA for 
informed splice-site variant interpretation and classification.

Genetic variants that induce mis-splicing of precursor messenger RNA 
(pre-mRNA) are emerging as a common cause of inherited disorders1,2. 
Pre-mRNA splicing is a process that precisely removes noncoding 
intronic sequences and connects coding exons together to make the 
mature mRNA blueprint that encodes each protein (or noncoding RNA). 
The splicing reactions are performed by a large, protein–RNA complex 
called the spliceosome3, which recognizes conserved splice-site motifs 
at either end of the intron. There are the following three main ways 
that mis-splicing can occur: one or more exons may be skipped, one 
or more cryptic splice sites may be activated or one or more introns 
may be retained, or a mixture.

Variants impacting essential splice sites (ESs), the almost invari-
ant GT-AG flanking each intron, are almost guaranteed to induce 
mis-splicing. Variants affecting the wider splice-site motif can also 
disrupt pre-mRNA splicing, although because of greater sequence 
diversity, it is much harder to be certain if ‘extended splice-site’ variants 

will elicit mis-splicing. Due to triplet codons encoding each amino 
acid, mis-splicing of pre-mRNA that inserts or deletes nucleotides 
(nt) commonly induces a frameshift or encodes a premature termina-
tion codon (PTC). Consequently, the clinical guidelines for classify-
ing genetic variants4 (the American College of Medical Genetics and 
Genomics and the Association for Molecular Pathology (ACMG–AMP) 
guidelines) allow an ES variant to be considered under the ‘null vari-
ant’ code, called very strong evidence for pathogenicity (PVS1). PVS1 
is used to classify single nucleotide variants (SNVs) and small inser-
tions and deletions that similarly introduce a PTC4. In 2018, revised 
PVS1 guidelines recommended application of the PVS1 code for ES 
variants, at varying strengths, based upon theoretical assertion of 
the likelihood of ‘null outcomes’ arising from exon skipping, intron 
retention and use of any cryptic splice site within 20 nt (ref. 5). However, 
only ~20% of variant-activated cryptic donors are within 20 nt (ref. 6). 
Consideration of cryptic splice-site activation across a larger distance 
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GRCh38 genome assembly and is hosted in a web resource called Splice-
Vault, together with 40K-RNA (GRCh37)6. Unannotated splice junctions 
in 300K-RNA constitute evidence that a splicing event is biologically 
possible, with the requisite constellation of features for the splicing 
reactions to be executed, for example, recognizable and usable splice 
sites, suitable exon and intron lengths17, the correct balance of exonic 
and intronic splicing enhancer and suppressor elements18. Our central 
hypothesis is that a genetic variant impeding spliceosomal use of an 
annotated splice site is most likely to enhance mis-splicing events that 
occur naturally.

We demonstrate that by knowing what mis-splicing events 
most commonly happen around a splice site, we can predict what 
mis-splicing events will happen when a genetic variant disrupts that 
splice site. The 300K-RNA Top-4 events correctly identify 96% of 
exon-skipping events (including multi-exon skipping) and 86% of 
activated cryptic splice sites induced by 88 variants in 74 genes for 
140 affected individuals or heterozygotes subject to RNA diagnostics. 
We additionally compare the 300K-RNA empirical method with the 
deep-learning algorithm SpliceAI19, applying custom interpretive rules 
to SpliceAI Δ-scores ±5,000 nt of variants to infer predictions of exon 
skipping, intron retention and cryptic splice-site activation.

Results
A set of experimentally verified splice-altering variants
We performed a retrospective analysis of 88 splice-site variants across 
74 genes that are confirmed by RNA diagnostics7 to disrupt pre-mRNA 
splicing (Supplementary Table 1). Variants affecting an annotated splice 
site and demonstrated to activate exon-skipping or cryptic splice-site 
use were included in this study. Variants creating or modifying a cryptic 
splice site (inappropriate for our method6) were excluded.

Reverse transcription PCR (RT-PCR) and/or RNA-seq were per-
formed on RNA isolated from clinically accessible specimens from 
140 affected individuals or heterozygotes with diverse Mendelian 
conditions7,20–23 (Fig. 1a and Supplementary Table 1). The majority of 
probands had neurological (n = 29), skeletal muscle (n = 22) or mal-
formation syndrome (n = 9) phenotypes. Thirty-two percent of vari-
ants affect the essential GT (n = 19) or AG (n = 9) splice sites and 68% 
affect the extended donor or acceptor splice-site regions. The dataset 
included 76 SNVs, four insertions, six deletions and two deletion–inser-
tion variants (Fig. 1b).

Half of the variants (44/88) induced two or more mis-splicing 
events (Fig. 1c). Variants most frequently caused skipping of a single 

window is unfeasible in diagnostic genetic pathology, due to the large 
number of potential cryptic splice sites present in the genome. In addi-
tion, factors that induce multi-exon skipping (or retention of multiple 
introns) associated with some splice-altering variants are unknown. 
Currently, there is no reliable way to know exactly how a variant will 
disrupt pre-mRNA splicing, to assert with confidence if outcomes are 
likely to encode a PTC, or not.

Our laboratory is an Australasian reference center for RNA diag-
nostics, where we test RNA isolated from human specimens (blood 
cells, skin fibroblasts, urine cells or an available biopsy specimen) to 
experimentally validate if and how a candidate splice-altering variant 
identified by genomic sequencing alters pre-mRNA splicing7. We rou-
tinely interrogate RNA sequencing (RNA-seq) data from controls or 
disease controls (in-house, from Genotype-Tissue Expression dataset 
(GTEx)8 or ENCODE9) to assess alternative splicing of the target gene 
between the manifesting tissues and specimens commonly collected 
in a clinical setting, to determine their suitability for RNA testing. 
We observed that the predominant, variant-associated mis-spliced 
transcript(s) identified in specimens from affected individuals and 
heterozygotes were often observed as rare, stochastic splice junctions 
in control RNA-seq data. Brandão and colleagues detailed a similar 
finding, with dominant variant-induced mis-spliced BRCA1 or BRCA2 
transcripts often seen as rare events in disease controls10. Additionally, 
Kremer et al. 11 found that splicing ‘noise’ often forecasts the location of 
variant-activated pseudoexons and reasoned that a population-based 
RNA-seq compendium could aid in variant prioritization.

In ref. 6, we analyzed 5,145 variants activating cryptic splice sites 
and established that 87% of activated cryptic splice sites are those 
detected as rare, unannotated splice junctions in 40,233 RNA-seq 
samples from GTEx8 and Intropolis12 (40K-RNA database6). The key 
insight is that cryptic donors activated by genetic variants are also 
seen as rare events in population-based RNA-seq data, which led us to 
explore whether other forms of variant-associated mis-splicing may be 
predicted by quantifying the relative prevalence of stochastic, natural 
and unannotated splicing events (referred to hereafter as mis-splicing 
events).

We therefore created 300K-RNA, an expanded resource detailing 
the most common unannotated splicing events local to each exon–
intron junction of Ensembl13 and RefSeq14 transcripts, based on splice 
junctions detected across 335,663 publicly available RNA-seq samples 
from GTEx8 and Sequence Read Archive (SRA)15, uniformly processed 
in the recount3 project16 (300K-RNA). 300K-RNA is updated to the 
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exon (70/148 total events, 47%), followed by cryptic activation (44/148 
events, 30%) and intron retention (29/148 events, 20%), and rarely 
caused multi-exon skipping (5/148 events, 3%) (Fig. 1c).

Unannotated splicing events in 300K-RNA
The 300K-RNA database describes natural variation in splicing among 
335,663 publicly available RNA-seq samples from GTEx8 and SRA15, 

collected in the recount3 resource16 (Methods). For each donor and 
acceptor in Ensembl13 and RefSeq14 transcripts, we collate all unan-
notated, stochastic splicing events surrounding that splice site  
(Fig. 2a–c), detected in RNA-seq samples processed in a unified pipeline 
in the recount3 resource16. Wilks et al. used splicing-aware alignment 
in an annotation-agnostic fashion, preventing bias against detection 
of unannotated events16.
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Fig. 2 | Unannotated splicing events seen in 300K-RNA. a, Exon-skipping 
events are evidenced by split-reads spanning nonconsecutive exons within the 
transcript. Splice sites (GT/AG motifs) shown in bold and black are those for 
which events are being ranked. b, Cryptic activation events are evidenced by 
split-reads spanning: (i) an annotated acceptor and an unannotated donor or (ii) 
an annotated donor and an unannotated acceptor. c, Example showing the Top-
4* events for NM_130786 (A1BG) exon 2 donor (g.58353291). Exon/intron lengths 
are not drawn to scale. Arc thickness corresponds to event rank. d, One hundred 
percent (119/119) of exon-skipping and cryptic activation events detected across 
88 variants are present in 300K-RNA, and 92% are in the Top-4* events for their 
respective splice site. e, Percent of the 119 true-positive events detected within 

random subsets of the 335,663 source specimens in 300K-RNA. Gray dots show 
proportion across 20 random samples; blue line shows mean proportions with 
LOESS smoothing. f, Top-1* and Top-2* events around the splice sites affected 
by our 88 variants typically occur in mutually exclusive specimens—with both 
events seen, on average, in only 5% of total samples where either event was 
detected. Internal lines of boxplot denote the median value, and the lower and 
upper limits of the boxes represent 25th and 75th percentiles. Whiskers extend to 
the largest and smallest values at most 1.5IQR. An asterisk indicates our filter for 
events involving skipping one or two exons and cryptic activation within 600 nt 
of the annotated splice site.
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These splice junctions provide experimental evidence for an 
executed splicing reaction using the following: (1) a paired donor 
and acceptor from different introns, reflecting skipping of one or 
more consecutive exons normally present in that transcript (Fig. 2a; 
exon skipping); or (2) an annotated donor or acceptor, paired with 
an unannotated acceptor or donor, respectively, indicating cryptic 
splicing (Fig. 2b; cryptic splicing). Mis-splicing events detected at each 
splice site in 300K-RNA are ranked by the number of samples in which 
at least one splice junction read was detected. Figure 2c shows the 
Top-4 ranked events in 300K-RNA for AIBG exon 2 donor: at least one 
read representing annotated splicing was detected in 33,215 samples 
across 300K-RNA. A cryptic donor 13 nt downstream in the intron was 
detected in 4,827 samples, representing the Top-1 natural mis-splicing 
event at this site, and so on for the Top-2 to Top-4 events. The highest 
sensitivity and positive predictive value (PPV) for 300K-RNA predic-
tions were obtained by applying a filter of a maximum of two exons 
skipped and cryptic splice sites within 600 nt (Extended Data Fig. 1; 
filter denoted hereafter by an asterisk). Using this filter, 300K-RNA 
Top-10* events identified all 119 exon-skipping and cryptic-splicing 
events induced by the 88 variants (Fig. 2d) with 64 of 119 (54%) the 
Top-ranked* event for that splice site (Fig. 2d and Extended Data Fig. 2).

Figure 2e shows the importance of sample size in 300K-RNA for 
the detection of all 119 true-positive exon-skipping and cryptic-splicing 
events. Taking random subsets within the 335,663 source specimens 
shows sensitivity only begins to maximize with ~100,000 samples. 
Deeper scrutiny of the 119 true-positive events shows, on average, 
each event is detected as a single splice junction read in 78% of sam-
ples that contain it—underpinning why all single read events are cata-
loged in 300K-RNA. Figure 2f reinforces the stochastic nature of these 
mis-splicing events, showing the Top-1 and Top-2 events around the 
splice sites affected by our 88 variants typically occur in mutually 
exclusive specimens—with both events seen, on average, in only 5% of 
samples where either event was seen.

Concordance of 300K-RNA events between tissues and 
datasets
The ranking of the most common, natural mis-splicing events detected 
around each splice site in 300K-RNA is highly concordant between 
each tissue within GTEx and between GTEx and SRA (Fig. 3a,b (our 88 
variants) and Extended Data Fig. 3a,b (98,810 annotated splice sites 
in clinically relevant Mendelian disease genes)). This tells us that the 
spliceosome reproducibly makes the same mistakes across a diverse 
repertoire of tissues and cell lines. Additionally, the number of sam-
ples in which 300K-RNA events are detected is strongly correlated 
between different GTEx tissues (Fig. 3c) and between GTEx and SRA 
(Extended Data Fig. 3c; R = 0.91 for our 88 variants, R = 0.84 for all 
splice sites in clinically relevant Mendelian disease genes). However, 
only 20% of 300K-RNA Top-4* events are present in all four clinically 
accessible tissues in GTEx (Fig. 3d; blood, fibroblasts, Epstein–Barr 
virus-transformed lymphoblast cell line (EBV-LCL) and muscle)—reflect-
ing low expression of many Mendelian genes in these tissues. Sample 
size in GTEx (that is, the number of specimens available for that tis-
sue subtype) increases the number of unannotated splice junctions 
detected (R = 0.91, P < 2.2 × 10−16; Extended Data Fig. 3d).

Notably, GTEx Muscle Top-4* did not provide improved sensitivity 
over 300K-RNA Top-4* for 19/88 of our variants associated with muscle 
disorders subject to RNA diagnostics on muscle samples (Extended 
Data Fig. 3e). Therefore, we recommend the use of 300K-RNA Top-4* 
as prediction of the probable nature of variant-associated mis-splicing 
until larger sample sizes and/or sequencing depth of specific tissues 
or cell types allows more thorough evaluation of a tissue-specific 
approach. We advise caution for genes with known tissue-specific or 
developmental alternative splicing where RNA-seq from the relevant 
tissue is not represented, or poorly represented, within the 300K-RNA 
data sources.

Assessment of alternate RNA-seq sources
Long-read RNA-seq may prospectively assist the evaluation of  
new methods to improve the fidelity of short read alignment and 
reduce splice-junction artifacts in 300K-RNA, although it has its own 
bioinformatic and technical challenges. Extended Data Fig. 4 shows 
that long-read RNA-seq (7 M mean read depth and 740 nt average 
length) of 22 fibroblast specimens in GTEx v9 (ref. 24) identifies only 
15% (180 K) of the 1.16 M total splice junctions detected in 504 GTEx 
v8 fibroblast specimens (75 bp paired reads, poly A enriched and 
80 M read depth). For comparison, in-house RNA-seq data from seven 
fibroblast specimens (150 bp paired reads, rRNA depleted total RNA  
and 100–200 M read depth) subject to cycloheximide (CHX) treat-
ment identify 36% (420 K/1.16 M), substantially more than DMSO  
treated specimens (340 K/1.16 M) or in two randomized sets of seven 
fibroblast specimens from GTEx v8 (245 K/1.16 M). This preliminary 
evidence indicates CHX treatment and high read depth of RNA from 
human cell lines may substantially enhance our detection of unan-
notated mis-splicing events through inhibition of nonsense-mediated 
decay (NMD).

SpliceAI predictions using custom interpretive rules
SpliceAI19 is a deep-learning algorithm that predicts the location of 
splice sites, using up to 10,000 nt of mRNA sequence context for each 
prediction. SpliceAI is trained on the pre-mRNA sequences surrounding 
130,796 annotated donor–acceptor pairs19. By default, SpliceAI scans 
±50 nt of a variant entered and reports four delta scores (Δ-score), the 
maximum difference in score with and without the variant for acceptor 
loss, acceptor gain, donor loss and donor gain. The authors recom-
mend a threshold of Δ ≥ 0.20 for high sensitivity of splicing alterations, 
Δ ≥ 0.50 for more general purposes and Δ ≥ 0.80 for high specificity19.

Two insertion–deletion variants could not be assessed by SpliceAI 
(Supplementary Table 1; cases 50 and 66). For the remaining 86 vari-
ants, the SpliceAI19 high sensitivity threshold of Δ ≥ 0.20 correctly 
predicted mis-splicing for 76/86 (88%) variants and for 63/86 (73%) 
variants with the Δ ≥ 0.50 threshold. Preliminary investigations using 
the default SpliceAI window of ±50 nt and high sensitivity Δ ≥ 0.20 
threshold identified 13/44 variant-activated cryptic splice sites, noting 
only 19/44 activated cryptics lie within 50 nt, and 3/73 exon-skipping 
events (inferred by donor or acceptor loss of Δ ≥ 0.20 for both anno-
tated splice sites flanking an exon), while the remaining 70 skipped 
exons were longer than the 50 nt scanned window. Therefore, we rea-
soned SpliceAI output could offer improved predictions of mis-splicing 
outcomes by extending the default scanned window to the maximum 
length of ±5,000 nt of the variant, developing custom interpretive 
rules to include predictions of multi-exon skipping, and optimizing 
the Δ-score threshold for this particular purpose (Fig. 4a–c).

Delta scores < 0.001 were excluded as nominal predictions of 
neutral impact, and all scores above this threshold were retained for 
subsequent precision-recall analysis (Methods). The remaining 2,836 
Δ-scores returned for the 86 variants were interpreted according to 
the following rules: Δ-loss scores at the annotated splice site consti-
tuted a prediction of mis-splicing. Exon skipping is inferred if both 
splice sites flanking an exon have a Δ-loss score above threshold (Fig. 
4a). Double-exon skipping is inferred if the relevant splice site of the 
upstream or downstream exon also has a Δ-loss score above threshold 
(Fig. 4a). Intron retention is inferred if both splice sites flanking an 
intron have a Δ-loss score above threshold (Fig. 4b). Cryptic activa-
tion is predicted by Δ-gain score above threshold for any unannotated 
donor or acceptor within the bounds of the exon and intron flanking 
the variant splice site (Fig. 4c). Delta scores that do not fall into these 
categories are annotated as ‘other’ (Methods).

According to these custom rules, SpliceAI predicts at least one 
mis-splicing event for all 86 variants and up to 31 predictions for a 
single variant (Extended Data Fig. 5). Of 145 mis-splicing events 
elicited by the 86 variants, 139 lie within the maximum ±5,000 nt 
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showing the proportion of mis-splicing events* with the same event rank in each 
GTEx tissue subtype, as compared to all GTEx tissue subtypes combined—for the 
88 splice sites affected by our cohort of variants. Only tissues with ≥100 GTEx 
samples are shown. The Top-1* event in individual tissues is concordant with 
the Top-1* event in ‘all GTEx tissues’ for ≥80% of splice sites. b, Concordance of 
top-ranked mis-splicing events* in GTEx versus SRA. The Top-1* event in GTEx 
is the Top-1* event in SRA for 80/88 (91%) splice sites in our cohort. c, Spearman 
correlation of all mis-splicing events* across 98,810 annotated splice sites in 
clinically relevant Mendelian disease genes (Methods) in each GTEx tissue 

subtype versus GTEx overall. Only tissues with ≥100 GTEx samples are shown. 
Black, clinically accessible tissues. d, Upset plot26 showing 300K-RNA Top-4* 
across clinically relevant Mendelian disease genes (four events per splice site, 
n = 383,677 in total) versus Top-4* specific to four clinically accessible tissues in 
GTEx. Twenty percent (77,461/383,677) of all 300K-RNA Top-4* across clinically 
relevant Mendelian disease genes are captured as Top-4* events among all four 
clinically accessible tissues (blood, fibroblasts, EBV-LCL and muscle). An asterisk 
indicates filtering to skipping one or two exons and cryptic activation within 
600 nt of the annotated splice site.
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Fig. 4 | Comparison of 300K-RNA Top-4* with SpliceAI. a–c, Custom 
interpretive rules applied to SpliceAI Δ-scores to predict the nature of mis-
splicing. Δ-scores below 0.001 were excluded as our applied threshold for no 
predicted impact on splicing (threshold shown with gray dashed lines). Heights 
of red lines denote example Δ-scores that predict mis-splicing events according 
to our rules. a, Single-exon skipping is predicted if both splice sites flanking the 
exon have donor and acceptor loss Δ-scores above threshold, and double-exon 
skipping was inferred if the splice site of the upstream or downstream intron also 
had donor loss or acceptor loss Δ-score above threshold. b, Intron retention was 
predicted if both splice sites flanking an intron had donor loss and acceptor loss 
Δ-score above threshold. c, Cryptic activation was predicted by donor gain or 
acceptor gain Δ-scores above threshold for any unannotated donor or acceptor. 
d, Example showing SpliceAI predictions of exon skipping and cryptic activation 
in case number 6. e, Sensitivity and PPV of 300K-RNA and SpliceAI for exon-

skipping and cryptic-activation prediction at different thresholds, for the 86/88 
variants that can be scored by SpliceAI. Points on the 300K-RNA curve (blue) 
show metrics when using Top-1*, Top-2*, Top-3*, Top-4*, etc. events as predictions 
of the nature of mis-splicing. Points on the SpliceAI curve (red) show metrics at 
Δ-scores that predict the same number of exon skipping and cryptic activation 
as 300K-RNA Top-1*, Top-2*, Top-3*, Top-4* and so on. f, 300K-RNA and SpliceAI 
predictions of exon skipping (seen/not seen in RNA studies across 86 cases). 
g, 300K-RNA and SpliceAI predictions of cryptic splice-site activation (seen/
not seen in RNA studies across 86 cases). Dashed lines indicate the threshold of 
Top-4* and SpliceAI Δ-score ≥ 0.011 identified in e. Black dots, mis-splicing events 
seen in RNA studies but not meeting the Δ-score threshold of 0.001. An asterisk 
indicates that filtering to skipping one or two exons and cryptic activation within 
600 nt of the annotated splice site. TP, true positives, FN, false negatives, FP, false 
positives.
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SpliceAI window (44/44 cryptics, 68/68 single-exon-skipping events, 
4/5 double-exon-skipping events and 7/12 intron retention events).  
Figure 4d shows Δ-scores for case number 6, with SpliceAI predicting 
cryptic activation and exon skipping, both of which were seen in RNA 
studies. More distal Δ-scores above threshold not shown in Fig. 4d 
predict three multi-exon-skipping events and intron retention, which 
were not seen in RNA studies.

Comparing predictive performance of 300K-RNA with 
SpliceAI
Precision-recall curves show the sensitivity and PPV of 300K-RNA and 
SpliceAI to predict the 119 exon-skipping and cryptic-activation events 
induced by 86/88 variants assessable by both methods (Fig. 4e). Top-
4* showed higher sensitivity (92%) than SpliceAI (84%) at a Δ ≥ 0.011 
threshold—this low threshold was selected because it identifies the 
same total number of mis-splicing events as Top-4* (Fig. 4e) to compare 
true/false positive and true/false negative rates.

Top-4* correctly identifies 96% (70/73) of detected exon-skipping 
events while SpliceAI Δ ≥ 0.011 predicts 85% (61/73) (Fig. 4f). Eighty-six 
percent (38/44) of activated cryptics are in Top-4*, with SpliceAI 
Δ ≥ 0.011 predicting 84% (37/44) (Fig. 4g). Both methods show a low 
PPV as follows: 39% (Top-4*) and 52% (SpliceAI Δ ≥ 0.011) for exon skip-
ping (Fig. 4f) and 24% (Top-4*) and 17% (SpliceAI Δ ≥ 0.011) for cryptic 
activation (Fig. 4g). For intron retention events, which cannot be pre-
dicted using 300K-RNA, SpliceAI shows a sensitivity of 31% (9/29) and 
PPV of 36% (9/25) at the Δ ≥ 0.011 threshold.

Sensitivity (S) and PPV of Top-4* and SpliceAI (using Δ ≥ 0.011 
threshold) were similar across two additional sets of variants curated 
from literature; 58 variants tested in patient specimens (Top-4* 
S = 91%, PPV = 26%; SpliceAI S = 94%, PPV = 33%) and 63 variants tested 
using midi-gene assays (Top-4* S = 92%, PPV = 29%; SpliceAI S = 86%, 
PPV = 29%) (Extended Data Fig. 6 and Supplementary Tables 2 and 3).

Analysis of features of Top-4* events reveals that relative to 
false positives, true positives tend to be identified in more samples 
(Extended Data Fig. 7a), represented by more unannotated splicing 
reads (Extended Data Fig. 7b,c), with a higher maximum ratio of the 
unannotated event relative to read depth for annotated splicing in 
any one sample (Extended Data Fig. 7e). However, there was no signifi-
cant difference between true and false positives in the mean reads of 
annotated splicing in samples where events were detected (Extended 
Data Fig. 7d) or in the mean ratio between unannotated and anno-
tated splicing (Extended Data Fig. 7f). Double-exon skipping is rarely 
activated by splice-site variants (Extended Data Fig. 7g). Four of five 
detected double-exon-skipping events were Top-1 (among 14 cases with 
double skipping ranked Top-1) and one of five were Top-2. In addition, 
true-positive and false positive Top-4* events show no difference in the 
length of the spliced-out region for exon-skipping events (Extended 
Data Fig. 7h) or cryptic distance (Extended Data Fig. 7i). We identified 
one false positive that may be due to alignment issues in the short read 
splice junction dataset: the first few nucleotides of two sequential 
exons are identical and split reads with only a few postjunction nucleo-
tides can map to exon skipping or normal splicing.

We also emphasize that while a SpliceAI threshold of 0.011 was 
effective for this bespoke application to forecast the likely nature of any 
variant-elicited mis-splicing, we do not recommend the use of a 0.011 
delta score threshold as a prediction for mis-splicing generally, as our 
evidence from experimentally confirmed splice neutral variants (ref. 
7 and cases studied since) indicates this will yield a high false-positive 
rate of >50%.

RNA re-analysis uncovers previously undetected Top-4* events
We noted many Top-4* events not detected in our early RNA diagnostics 
cases (before 40K-RNA or 300K-RNA) involved double-exon-skipping 
events (42%) or cryptic activation events further than 250 nt from the 
annotated splice site (11%), which may have been missed on initial 

analysis. Before the development of 40K-RNA6, our laboratory prac-
tice included critical review of all cryptic splice sites within 250 nt of 
the annotated donor7. Scrutiny of 24/88 variants where the Top-1 event 
was not detected by RNA studies (Extended Data Fig. 2) showed that 
16/24 were detectable via the RNA diagnostic strategy deployed, but 
not observed, due to the following: (1) the event was not activated by 
the variant; (2) low expression of the target gene, potentially limiting 
sensitivity and (3) the variant simultaneously weakened an annotated 
splice site and spatially overlapping cryptic splice site comprising 
a Top-1* event. Six of 24 events were observed, although available 
RNA assay data did not confidently establish elevated levels relative 
to controls. One of 24 events was detected upon review of Sanger 
sequencing trace file. We performed RNA re-analysis for the one case 
with an undetected Top-1* event and three additional cases where 
multiple Top-4* events were not detected (A024-OPHN1 c.702+4A>G; 
A060-GSDME c.1183+5G>A; A014-SPG11 c.2317-13C>G; A205-EMD c.266-
3A>G)7. We identified or clarified variant-associated enhanced use of 
1/4 multi-exon-skipping events (Extended Data Fig. 8a,b; SPG11, red), 
4/4 cryptic splice sites (Extended Data Fig. 8c,d; GSDME and EMD, red) 
and one single-exon-skipping event (Extended Data Fig. 8d, EMD, red). 
Skipping of multiple exons associated with SPG11 c.2317-13C>G was 
not detected initially by RT-PCR due to primer placement in exons too 
proximal to the splice variant and undetected by RNA-seq due to low 
read depth exacerbated by NMD. Activation of two cryptic donors and 
two cryptic acceptors associated with GSDME c.1183+5G>A and EMD 
c.266-3A>G, respectively, was missed initially due to competition inher-
ent with multitemplate PCRs, heteroduplex formation and challenges 
resolving multitrace chromatograms by Sanger sequencing.

Half of essential GT-AG variants induce ≥1 in-frame event
Forty-nine percent (27/55) of ES variants across the three variant sets 
induced at least one in-frame event, with a similar proportion of 51% 
(45/88) for all variants in our cohort (Extended Data Fig. 8e). When con-
sidering Top-4* and intron retention as a prediction of variant-induced 
mis-splicing, the number of ES variants with ≥1 in-frame event is 80% 
(45/55) and 81% (71/88) for all variants in our cohort.

Discussion
Clinical interpretation of splicing variants relies on predicting, or 
experimentally verifying, the nature of variant-induced mis-splicing to 
confirm the variant impact on the encoded protein. This is of particular 
importance when applying the PVS1 (null variant) criterion to ES vari-
ants5. While the impact of exon skipping and intron retention on protein 
reading frame can be theorized, it has remained difficult to predict 
whether exon-skipping or cryptic splice-site activation will occur—and 
if a cryptic splice site is activated, which one of the many potential sites 
present in the vicinity will be selected by the spliceosome.

Our empirical method of using 300K-RNA Top-4* accurately 
predicts the nature of variant-associated mis-splicing with 92% sen-
sitivity for 88 variants across a broad range of genes and disorders, 
outperforming SpliceAI on average to correctly predict exon-skipping, 
double-exon skipping and cryptic splice site activation. We emphasize 
that Top-4* cannot be used for variants creating or modifying the ES 
motif of a cryptic splice site and recommend use of SpliceAI for this 
category of variant6. In addition, although intron retention cannot yet 
be quantified and ranked by 300K-RNA, Extended Data Fig. 9 shows 
that intron retention induces a frameshift or encodes a PTC in all three 
frames for at least 97% introns in clinically relevant Mendelian disease 
genes and is therefore consistent with null outcomes in most instances.

It is important to acknowledge the low PPV of Top-4* when used as 
a prediction of the nature of mis-splicing. However, we feel that prior-
itizing sensitivity is of the greatest importance, to avoid false-negative 
predictions. RNA re-analysis of four cases with one or more unde-
tected Top-4* events via our initial RNA diagnostic testing revealed 
we had missed 6/9 of these events, due to experimental design and/or 
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technical limitations. A priori knowledge of Top-4* mis-splicing events 
has been transformative for our research-led clinical RNA diagnostics 
program, facilitating both variant curation and strategic experimental 
design of RNA assays to specifically target probable mis-splicing events, 
expressly important for RT-PCR where primer design and extension 
times strongly influence which products may be amplified.

Our re-interrogation of early cases, showing we had missed several 
rare events, raises the possibility that Top-4* PPV could be higher than 
we currently estimate. It also reinforces clinical benefits of being able to 
reliably predict probable mis-splicing events to improve the complete-
ness and accuracy of conclusions drawn from RNA diagnostics. Notably, 
we cross-checked all other early cases (before 300K-RNA) to confirm 
that interpretation of likely pathogenicity would not be impacted by 
any undetected Top-4* events that may have resulted (it was neither 
feasible nor economic to retest all specimens).

Top-ranked unannotated splicing events are highly concordant 
between tissues and between GTEx and SRA (Fig. 3a,b and Extended 
Data Fig. 3a,b), in line with previous analyses showing that expres-
sion levels rather than alternative splicing patterns underpin most 
tissue-specific variation in GTEx25. We suspect the predictive accuracy 
of our ranking method may be improved further by the following: (1) 
higher read depth RNA-seq data across the breadth of manifesting tis-
sues in rare disorders (for example, no data are currently available for 
cochlear), (2) incorporation of RNA-seq data from human fetal samples 
to catalog developmental alternative splicing, (3) use of CHX to inhibit 
nonsense-mediated decay, (4) a better understanding of contexts that 
influence variant-associated double-exon skipping, (5) an ability to 
rank likelihood of variant-activated intron retention and (6) improved 
bioinformatic methods in sequencing read alignment. Consideration 
of Top-3* events in specific manifesting tissues, if shown to maintain 
>90% sensitivity, could substantially improve PPV and clinical utility 
for variant classification.

To our knowledge, 300K-RNA Top-4* is the first evidence-based 
method for predicting the nature of variant-associated mis-splicing and 
will assist clinical classification of splice-site variants and/or guide RNA 
diagnostic testing strategies to make sure no likely mis-splicing out-
come is missed due to design flaws or technical limitations. Informed 
by the current investigation, Extended Data Fig. 10 details our draft 
guidelines for the possible use of 300K-RNA to assist application of 
the PVS1 ‘null variant’ criterion to ES variants, aligning closely with 
revised PVS1 guidelines5. Theorized consideration of intron retention 
and Top-4* events by genetic pathology workforces provides a prag-
matic, evidence-based method to reliably assess variant-associated 
exon skipping and/or cryptic splice site use within a larger distance 
window of 600 nt. Over 2022–2023, the Australasian Consortium for 
RNA diagnostics (SpliceACORD)7 will rigorously evaluate the clinical 
accuracy and usefulness of Extended Data Fig. 10 draft guidelines for 
cases prospectively recruited into RNA diagnostic testing pipelines. 
Extended Data Fig. 8e indicates these draft guidelines will allow the 
application of PVS1 for ~50% of ES variants (IR and Top-4* ≤ 2 in-frame 
events).

We provide SpliceVault, a web portal to access 300K-RNA (and 
40K-RNA in hg19), which quantifies natural variation in splicing and 
potently predicts the nature of variant-associated mis-splicing (https://
kidsneuro.shinyapps.io/splicevault/). Users require no bioinformatics 
expertise and can retrieve stochastic mis-splicing events for any splice 
junction annotated in Ensembl or RefSeq. Default settings display 
300K-RNA Top-4* output according to the optimized parameters we 
describe herein, with the option to return all events, customize the 
number of events returned, distance scanned for cryptic splice sites, 
maximum number of exons skipped or list tissue-specific mis-splicing 
events. We hope SpliceVault will improve the ability to classify and 
study splicing variants with accuracy and completeness, avoiding 
the non-actionable diagnostic endpoint of a variant of uncertain 
significance.

Online content
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maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41588-022-01293-8.

References
1. Baralle, D. & Buratti, E. RNA splicing in human disease and in the 

clinic. Clin. Sci. 131, 355–368 (2017).
2. López-Bigas, N., Audit, B., Ouzounis, C., Parra, G. & Guigó, R. Are 

splicing mutations the most frequent cause of hereditary disease? 
FEBS Lett. 579, 1900–1903 (2005).

3. Wilkinson, M. E., Charenton, C. & Nagai, K. RNA splicing by the 
spliceosome. Annu. Rev. Biochem. 89, 359–388 (2020).

4. Richards, S. et al. Standards and guidelines for the interpretation 
of sequence variants: a joint consensus recommendation  
of the American College of Medical Genetics and Genomics  
and the Association for Molecular Pathology. Genet. Med. 17, 
405–424 (2015).

5. Abou Tayoun, A. N. et al. Recommendations for interpreting the 
loss of function PVS1 ACMG/AMP variant criterion. Hum. Mutat. 
39, 1517–1524 (2018).

6. Dawes, R., Joshi, H. & Cooper, S. T. Empirical prediction of 
variant-activated cryptic splice donors using population-based 
RNA-seq data. Nat. Commun. 13, 1655 (2022).

7. Bournazos, A. M. et al. Standardized practices for RNA diagnostics 
using clinically accessible specimens reclassifies 75% of putative 
splicing variants. Genet. Med. 24, 130–145 (2022).

8. GTEx Consortium. The GTEx Consortium atlas of genetic 
regulatory effects across human tissues. Science 369,  
1318–1330 (2020).

9. Moore, J. E. et al. Expanded encyclopaedias of DNA  
elements in the human and mouse genomes. Nature 583, 
699–710 (2020).

10. Brandão, R. D. et al. Targeted RNA-seq successfully identifies 
normal and pathogenic splicing events in breast/ovarian cancer 
susceptibility and Lynch syndrome genes. Int. J. Cancer 145, 
401–414 (2019).

11. Kremer, S. L. et al. Genetic diagnosis of Mendelian disorders via 
RNA sequencing. Nat. Commun. 8, 15824 (2017).

12. Nellore, A. et al. Human splicing diversity and the extent  
of unannotated splice junctions across human RNA-seq  
samples on the Sequence Read Archive. Genome Biol. 17,  
266 (2016).

13. Howe, K. L. et al. Ensembl 2021. Nucleic Acids Res. 49,  
D884–D891 (2021).

14. O’Leary, N. A. et al. Reference sequence (RefSeq) database 
at NCBI: current status, taxonomic expansion, and functional 
annotation. Nucleic Acids Res. 44, D733–D745 (2016).

15. Leinonen, R., Sugawara, H. & Shumway, M. The Sequence Read 
Archive. Nucleic Acids Res. 39, D19–D21 (2011).

16. Wilks, C. et al. recount3: summaries and queries for large-scale 
RNA-seq expression and splicing. Genome Biol. 22, 323 (2021).

17. Bryen, S. J. et al. Pathogenic abnormal splicing due to intronic 
deletions that induce biophysical space constraint for 
spliceosome assembly. Am. J. Hum. Genet. 105, 573–587 (2019).

18. Fu, X.-D. & Ares, M. Context-dependent control of alternative 
splicing by RNA-binding proteins. Nat. Rev. Genet. 15,  
689–701 (2014).

19. Jaganathan, K. et al. Predicting splicing from primary sequence 
with deep learning. Cell 176, 535–548 (2019).

20. Cummings, B. B. et al. Improving genetic diagnosis in Mendelian 
disease with transcriptome sequencing. Sci. Transl. Med. 9, 
eaal5209 (2017).

http://www.nature.com/naturegenetics
https://kidsneuro.shinyapps.io/splicevault/
https://kidsneuro.shinyapps.io/splicevault/
https://doi.org/10.1038/s41588-022-01293-8


Nature Genetics | Volume 55 | February 2023 | 324–332 332

Analysis https://doi.org/10.1038/s41588-022-01293-8

21. Akesson, L. S. et al. Rapid exome sequencing and adjunct RNA 
studies confirm the pathogenicity of a novel homozygous 
ASNS splicing variant in a critically ill neonate. Hum. Mutat. 41, 
1884–1891 (2020).

22. Katiyar, D. et al. Two novel B9D1 variants causing Joubert 
syndrome: utility of mRNA and splicing studies. Eur. J. Med. Genet. 
63, 104000 (2020).

23. Jones, H. F. et al. Importance of muscle biopsy to establish 
pathogenicity of DMD missense and splice variants. Neuromuscul. 
Disord. 29, 913–919 (2019).

24. Glinos, D. A. et al. Transcriptome variation in human  
tissues revealed by long-read sequencing. Nature 608,  
353–359 (2022).

25. Melé, M. et al. The human transcriptome across tissues and 
individuals. Science 348, 660–665 (2015).

26. Conway, J. R., Lex, A. & Gehlenborg, N. UpSetR: an R package 
for the visualization of intersecting sets and their properties. 
Bioinformatics 33, 2938–2940 (2017).

Publisher’s note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons license, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons license and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2023

http://www.nature.com/naturegenetics
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Nature Genetics

Analysis https://doi.org/10.1038/s41588-022-01293-8

Methods
Ethics declaration
Consent for diagnostic genomic testing was supported by governance 
infrastructure of the relevant local ethics committees of the participat-
ing Australian Public Health Local Area Health Districts. Kids Neuro-
science Centre’s biobanking and functional genomics human ethics 
protocol was approved by the Sydney Children’s Hospitals Network 
Human Research Ethics Committee (protocol 10/CHW/45 renewed 
with protocol 2019/ETH11736 ( July 2019–2024)) with informed, written 
consent for all participants.

Creating 300K-RNA
The 300K-RNA database consists of splice junctions from 335,663 
publicly available RNA-seq samples from GTEx8 and SRA15 aligned 
using a unified Monorail pipeline from ref. 16. Splice junction read 
counts derived from 316,449 human RNA-seq samples from SRA and 
19,214 human RNA-seq samples from GTEx were downloaded from the 
public resource recount3 (ref. 16). We then filtered split reads to those 
that span at least one annotated splice site, and for each splice junc-
tion detected we tallied the number of samples it occurred in across 
the two data sources. For each splice junction, we filtered associated 
detected exon-skipping and cryptic-activation events according to 
the rules in Fig. 2a,b.

Unannotated splicing events were ranked according to the number 
of samples in which the event was detected. This ranking process was 
completed with respect to each annotated splice junction in Ensembl 
transcripts (v104) and Refseq transcripts (GRCh38, downloaded  
August 2021).

The 300K-RNA enables customized access to ranked 
splice-junction data from individual GTEx tissue subtypes. SRA meta-
data precludes breakdown into specimen subtypes. As SRA contains 
data from cancer specimens (genetically heterogeneous), maximum 
read-counts output for each splice junction is derived from GTEx data. 
The R package Snapcount (v1.8.0)27 was used to retrieve information 
on individual samples for Fig. 2e,f and Extended Data Fig. 7.

SpliceAI Δ-score interpretive rules
To adapt SpliceAI to the prediction of mis-splicing, we retrieved all 
Δ-scores ±5,000 nt of each variant, adapting a script from the SpliceAI 
GitHub (https://github.com/Illumina/SpliceAI, ‘3. Can SpliceAI be 
used to score custom sequences?’) into an API to allow us to easily 
retrieve scores (source code provided here https://gitlab.com/kid-
sneuro/SpliceAIAPI; ref. 28). As input, we used the pre-mRNA sequence 
±5,000 nt of the variant. Two Δ-scores returned at each base (vari-
ant nucleotide versus reference nucleotide) generated up to 20,002 
Δ-scores per variant, of which we excluded all Δ-scores ≤ 0.001 as neu-
tral impact.

Across the 86 variants which could be scored by SpliceAI, 2,836 
Δ-scores returned were above the 0.001 threshold. Eighty-six of these 
were donor loss or acceptor loss Δ-scores of the affected annotated 
splice site, denoting a prediction of mis-splicing. Our custom interpre-
tive rules (see explanation of Fig. 4a–c in the text) applied to any Δ-score 
> 0.001 yielded predictions of erroneous use of 161 cryptic acceptors, 
340 cryptic donors, 215 exon-skipping events and 49 intron retention 
events. Of the remaining 2,071 predictions, 1,637 were decreases in 
scores of unannotated splice sites, 33 were increases in scores of anno-
tated splice sites and 315 were increases in the scores of unannotated 
splice sites outside the bounds of the exon and intron flanking the 
variant splice site or increases in the scores of unannotated donors 
for acceptor variants and vice versa—and deemed uninterpretable 
within our paradigm.

Clinically relevant Mendelian disease genes
Clinically relevant genes were extracted from the Genomics England 
PanelApp29 (September 2021 release) and Online Mendelian Inheritance 

in Man database (OMIM, https://omim.org/; February 2021 release). 
Genes were extracted from the Genomics England PanelApp using the 
Swagger PanelApp API (v1) (panelapp.genomicsengland.co.uk/api/
docs/), excluding disease susceptibility panels; all genes were below a 
confidence level 3 (green; diagnostic grade). OMIM-listed genes were 
excluded when their only phenotype associations were nondiseases, 
susceptibilities, provisional links and somatic mutations.

RNA re-analysis
Whole blood was collected in a PAXgene (PreAnalytiX) blood RNA tube 
and RNA was isolated according to kit instructions. Peripheral blood 
mononuclear cells (PBMCs) were isolated using SepMate-15 tubes 
(StemCell Technologies) and Ficoll Paque Plus (GE Healthcare). PBMCs 
were cultured in RPMI 1640 Medium (Gibco), 10% fetal bovine serum 
(GE Healthcare) and penicillin-streptomycin (100 U µg ml−1; Gibco). 
Fibroblasts were cultured in high glucose DMEM (Gibco), 10% FBS (GE 
healthcare) and Gentamicin (50 µg ml−1; Gibco). PBMCs and primary 
fibroblasts were treated with dimethyl sulfoxide (Sigma-Aldrich) or 
100 µg ml−1 cycloheximide (Sigma-Aldrich) for 6 h before harvesting 
in 600 µl RLT buffer (Qiagen) for RNA extraction using the Qiagen 
RNeasy mini kit. SuperScript IV first-strand synthesis system (Invit-
rogen) was used to make cDNA from 500 ng of RNA according to kit 
instructions. Recombinant Taq DNA polymerase (Invitrogen) and 
MasterAmp 2X PCR PreMix D (Epicentre Biotechnologies) were used for 
PCRs. Thermocycling conditions were 94 °C for 3 min, 35 cycles 94 °C 
30 s, 58 °C 30 s, 72 °C 90 s per kilobase, then 72 °C for 10 min. All PCR 
products were analyzed on a 1.2% agarose gel. Amplicons were manu-
ally excised from an agarose gel with a scalpel and cDNA was purified 
using GeneJET gel extraction kit (Thermo Fischer Scientific) according 
to the manufacturer’s instructions. Further, 8–75 ng of purified cDNA 
and 1 pmol of sequencing primer were subject to Sanger sequencing. 
Sanger sequencing chromatograms were analyzed using Sequencher 
DNA sequence analysis software (Gene Codes). See Supplementary 
Table 4 for primers used for re-analysis of RNA by RT-PCR.

Statistics and reproducibility
No statistical method was used to predetermine the sample size. All 
splicing variants were included in this study for which robust RNA assay 
data were available and met the following ascertainment criteria. Vari-
ants affecting an annotated splice site and demonstrated to activate 
exon-skipping or cryptic splice-site use were included in this study. 
Variants creating or modifying a cryptic splice site were excluded. The 
experiments were not randomized. The investigators were not blinded 
to allocation during experiments and outcome assessment.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
Source data for 300K-RNA were downloaded from snaptron (http://
snaptron.cs.jhu.edu/data). 300K-RNA can be easily accessed and 
queried through SpliceVault (https://kidsneuro.shinyapps.io/splice-
vault/). The data used for the analyses described in this manuscript 
were obtained from the GTEx portal and dbGaP accession numbers 
phs000424.v8.p2 and phs000424.v9. Source data are provided with 
this paper.

Code availability
All codes required to perform analyses and generate Figs. 1c, 2d–f, 3 
and 4e–g and Extended Data Figs. 1–7 and 9 are available at https://
github.com/kidsneuro-lab/SpliceVault_figures (ref. 30). All codes 
required to create 300K-RNA are available at https://github.com/
kidsneuro-lab/300K-RNA (ref. 31). The code used to create SpliceVault 
is available at https://github.com/kidsneuro-lab/SpliceVault/ (ref. 32). 
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The code used for SpliceAI Δ score retrieval API is available at https://
gitlab.com/kidsneuro/SpliceAIAPI (ref. 28).
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Extended Data Fig. 1 | Sensitivity and PPV of 300K-RNA using different 
filtering criteria for ranking mis-splicing events. Points on the red curve 
correspond to use of Top-1, 2, 3, 4 etc events as prediction of the nature of 
mis-splicing. The asterisk i.e ‘Top-4*’ is used denote application of a filter to 
limit ranked events to those involving skipping of one or two exons and cryptic 

activation within 600 nt of the annotated splice-site. Points on the blue, yellow 
and green curves similarly show metrics when using Top-1, 2, 3, 4 etc events as 
prediction of the nature of mis-splicing, when the three alternative filters listed in 
the legend are applied (max 1 exon skipped and cryptics within 250 nt, all events 
seen in >10 samples, or all events).

http://www.nature.com/naturegenetics
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Extended Data Fig. 2 | Top-10* mis-splicing events seen in 300K-RNA* for our cohort of 88 variants, filled if they were seen in RNA studies. Gray fill: multiple of 3 
(maintains frame). Black fill: not a multiple of 3 (disrupts frame). No fill: Event not seen in RNA studies. * = skipping one or two exons and cryptic activation within 600 
nt of the annotated splice-site.

http://www.nature.com/naturegenetics
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Extended Data Fig. 3 | 300K-RNA event rankings across tissues and data-
sources. a) Heatmap showing the proportion of mis-splicing events* with the 
same event rank in each GTEx tissue subtype, as compared to all GTEx tissue 
subtypes combined, for 98,810 annotated splice-sites in clinically relevant 
Mendelian disease genes (see methods). The top-1* event is > 86% concordant 
across all tissues with > 100 samples in GTEx. b) Concordance of top-ranked mis-
splicing events* in GTEx versus SRA. The top-1* event in GTEx is the top-1* event 
in SRA for 88% all splice-sites in clinically relevant Mendelian disease genes. c) 
Sample counts are highly correlated between GTEx and SRA for all unannotated 

splicing events* in 300K-RNA at the splice-sites affected by our cohort of 88 
variants (Spearman correlation, R = 0.91, p < 2.2e−16). d) Sequencing breadth in 
GTEx samples increases sensitivity that is the more specimens the greater the 
proportion of total mis-splicing events detected, with testis being a notable 
outlier (Spearman correlation, R = 0.91, p < 2.2e−16). e) Sensitivity and PPV of Top-
ranked* events seen in either 300K-RNA (blue) or GTEx Muscle (red, 881 samples 
in GTEx), for 19 variants associated with muscle disorders and where RNA testing 
was performed using muscle RNA. * = skipping one or two exons and cryptic 
activation within 600 nt of the annotated splice-site.

http://www.nature.com/naturegenetics
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Extended Data Fig. 4 | a) Upset plot showing splice-junctions concordantly 
and uniquely detected by GTEx and Monorail processing pipelines for 504 
fibroblast specimens. b) Upset plot showing GTEx V9 long-read RNA-Seq (7 M 
mean read depth, 740 nt average length) for 22 fibroblast specimens identifies 
15% (180 K/1.16 M) of all fibroblast SJ detected in 504 GTEx v8 fibroblast samples 
(75 bp paired reads, 80 M depth, Poly A enrichment). In-house RNA-Seq data 
from 7 fibroblast specimens (150 bp paired reads, 100–200 M depth, rRNA 

depleted total RNA) subject to cycloheximide (CHX) treatment identifies 
36% (420 K/1.16 M) of all SJ, substantially more that DMSO treated specimens 
(340 K/1.16 M) or in two randomized sets of 7 fibroblast specimens from GTEx 
v8 (245 K/1.16 M). Splice junctions present in GTEx v9 long read RNA-Seq data 
was reverse-engineered from the transcript count information generated using 
FLAIR27. AGRF, Australian Genome Research Facility; Fibs, fibroblasts.

http://www.nature.com/naturegenetics
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Extended Data Fig. 5 | SpliceAI Δ-scores above 0.001 for 86/88 variants scored by SpliceAI. Predictions are colored according to the event type assigned by our 
interpretive rules.

http://www.nature.com/naturegenetics
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Extended Data Fig. 6 | Comparison of 300K-RNA Top-4* with SpliceAI using 
two additional variant cohorts. a) Mis-splicing events induced by variants 
in two cohorts curated from literature for additional validation of the Top-4* 
approach: 58 variants studied in patient specimens and 63 variants studied 
through midi-gene assays (scrutinized to ensure technical design permitted 
detection of multi-exon skipping events, see Supplementary Tables 2, 3 for 
references). b) Sensitivity and PPV of 300K-RNA and SpliceAI for exon-skipping 
and cryptic activation predictions at different thresholds. Points on the 

300K-RNA curve (blue) show metrics when using Top-1*, 2*, 3*, 4* etc events as a 
prediction of the nature of mis-splicing. Points on the SpliceAI curve (red) show 
metrics at delta-scores that predict the same number of exon-skipping and 
cryptic-activation as 300K-RNA top-1*,2*,3*,4* etc to enable direct comparison 
of true/false positive rates with the Top-4 method. c) The average sensitivity and 
PPV of 300K-RNA and SpliceAI across three variant cohorts shown in (B). Points 
on the curves correspond to thresholds used in panel B. * = skipping one or two 
exons and cryptic activation within 600 nt of the annotated splice-site.

http://www.nature.com/naturegenetics
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Extended Data Fig. 7 | Investigating features of events seen/not seen in 
RNA studies for our 88 variants. True positive (TP) events seen in RNA studies 
(n = 119), versus false positives (FP) in the Top-4 (n = 238) have higher: a) sample 
counts (W = 20,222, p = 4e−11), b) max (W = 20,144, p = 7e−11), and c) mean reads 
(W = 18,284, p = 7e-6, two-sided Wilcoxon rank sum test). Events are biologically 
independent in A-C. For the annotated splice-junction around which the 
unannotated event is detected, TP, versus FP have d) no significant difference in 
the mean read-depth (W = 12,848, p = 0.3), e) higher maximum ratio (W = 19,126, 
p = 1e−9) but f ) no significant difference in the mean ratio of unannotated to 
annotated reads (W = 15,181, p = 0.1, two-sided Wilcoxon rank sum test). n = 234 
Top-4* FP and 117 TP biologically independent events for (D-F): 4/238 FP and 2/119 
TP were detected only in samples where no annotated splicing was detected, so 
are excluded from d-f. g) Single-exon skipping events* are significantly more 

likely to be seen in RNA studies than double-exon skipping events* (Chi-squared 
test; 𝝌2 = 114.29, p = 1.1e−26). h) Total length (nt) of the fragment excised from the 
pre-mRNA from single and double exon skipping was not statistically different 
between TP and FP (two-sided Wilcoxon rank sum test; W = 2,554, p = 0.0502, 
n = 114 Top-4* FP and 75 TP biologically independent exon-skipping events). 
i) Distance from annotated splice-site to activated cryptic splice-site was not 
statistically different between TP and FP (two-sided Wilcoxon rank sum test: 
W = 2,834, p = 0.70, n = 124 Top-4* FP and 44 TP biologically independent cryptic-
activation events). A-E and H-I are box-whisker plots, with internal lines denoting 
the median value, and the lower and upper limits of the boxes representing 25th 
and 75th percentiles. Whiskers extend to the largest and smallest values at most 
1.5IQR. * = skipping of one or two exons or cryptic activation within 600 nt of the 
annotated splice-site.

http://www.nature.com/naturegenetics
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | RNA re-analysis to check for undetected 300K-RNA 
Top-4 mis-splicing events. Black lines: mis-splicing identified during initial 
RNA analysis7. Red lines: Top-4* events detected upon re-analysis. Gray lines: 
Top-4* events undetected upon re-analysis. a) No additional Top-4 events were 
identified for OPHN1 c.702 + 4 A > G. b) For SPG11 c.2317-13 C > G, Top-1* exon 
13 + 14 skipping was detected on re-analysis (missed initially by RT-PCR due to 
primer positioning and by RNA-seq due to low read depth and NMD), but Top-4* 
event, exon 12 + 13 skipping, was not detected. c) RT-PCR using primers specific 
for two exonic cryptic donors shows their variant-associated increased use for 
GSDME c.1183 + 5 G > A. These rare events were missed during initial RNA analysis 
due to PCR biases and challenges resolving Sanger sequencing chromatograms 
due to heteroduplex formation. d) RT-PCR identifies rare use of two cryptic 

acceptors and exon 4 skipping associated with EMD c.266-3 A > G missed during 
initial RNA analysis due to PCR biases and heteroduplex formation. e) 49% (27/55) 
essential splice-site variants (ES) across the three variant datasets induce ≥ 1 in-
frame events, with a similar proportion of 51% (45/88) in our overall cohort.  
Use of Intron Retention (IR) and Top-4* as proxy for a prediction of variant-
induced mis-splicing increases the relative number of ES variants with ≥1 in-frame 
event to 80% (45/55) and to 81% (71/88) for our overall cohort. P = proband, 
C1 = control 1, C2 = control 2, DMSO = dimethyl sulfoxide, CHX = cycloheximide, 
CD1 = cryptic donor 1, CD2 = cryptic donor 2, CA1 = cryptic acceptor 1, 
CA2 = cryptic acceptor 2, CA3 = cryptic acceptor 3, ES = essential splice-site, 
NMD = nonsense mediated decay.

http://www.nature.com/naturegenetics
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Extended Data Fig. 9 | The consequence of intron retention upon the open 
reading frame for 49,448 canonical introns in clinically relevant Mendelian 
disease genes. Variant-activated intron retention elicits a frameshift for 66% 
introns or encodes a premature termination codon (PTC) in all reading frames 

for 31% introns. In summary, IR will induce a frameshift or encode a PTC for at 
least 97% cases and is therefore consistent with null outcomes in most instances. 
Intron coordinates were extracted from Ensembl (104) via the hg38 genome 
assembly. IR: intron retention; PTC: premature termination codon.

http://www.nature.com/naturegenetics
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Extended Data Fig. 10 | Draft Guidelines for potential use of empirical 
evidence from 300K-RNA to assist application of the PVS1 criterion for 
essential splice-site variants based on probable mis-splicing outcomes. 
(being assessed in a clinical evaluation trial by the Australian Consortium for RNA 
Diagnostics (SpliceACORD)). We recommend pathology consideration of Intron 
Retention (IR) and 300K-RNA Top-4* for all disease relevant transcript(s). PVS1 
levels of evidence are influenced by the collective nature of probable induced 
mis-splicing, relative to evidence supporting null outcomes for the encoded 
gene product. For use of PVS1 at a Very Strong evidence level, IR and Top-4* 
events should all be consistent with null outcomes. PVS1 applied at Strong or 
Moderate should be considered when IR and Top-4* events include one or two 

in-frame events, adjusting the evidence weighting according to; the number 
and nature of in-frame events, known clinical relevance of the affected region of 
disease relevant transcript(s), and the established pathogenetic mechanism(s) 
associated with a given gene and disorder. We favor weighting of known clinical 
relevance, biological function or evolutionary conservation of the disrupted 
gene region, over relative length of the in-frame disruption. We recommend 
additional consideration of abnormal or alternative transcription initiation or 
termination for first intron and last intron variants, respectively. We recommend 
use of the PM4 criterion for essential splice-site variants when IR and Top-4* 
events include three or more in-frame events.

http://www.nature.com/naturegenetics
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