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CAGI Vex-seq Challenge: Splicing Variant Effect
Prediction
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Adamson et al 2018,

Genome Biology 3' Splice Site 5' Splice Site

Predict variant effect on splicing with 957 training variants.



CAGI Vex-seq Challenge: Splicing Variant Effect
Prediction

ézo
o it hnttehabsettdsttstnantattdun bttt 2wttt bl
51 (TR T ST T TRUTHTTTUT G TR AT L (T I
60

20

b i, ﬁ%{é@@ éééféﬁéféﬁﬁéﬁg@% ﬁ-?%é'ﬁﬁﬂééa%é%%

-60

ﬁé@éeéé§§oé?é?eeaég é @eéﬁ#éeﬁ ﬁﬁeé%%‘ﬁqaéé H @é é§@§$¢a¢é@§aa=§ﬁgﬁg¢é

'O . . =

: :

. s .

. g . 1HERK

45 -40 -35 -30 -25 -20 -15 -10 -5 21 5 10 15 20 25 30 33&33 -30 -25 -20 -15 -10 -5 -112 5
Variant Position

Adamson et al 2018,

Genome Biology 3' Splice Site 5' Splice Site

Predict variant effect on splicing with 957 training variants.

Larger dataset needed!



Composite Modeling (Exon, Intron, Splice Site)

Acceptor Intron Model Exon Model Donor Intron Model
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Learning the Donor and Acceptor Modules using
GENCODE
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Acceptor Scoring Model

Train a splice site (donor or acceptor) scoring model by training a
classifier to classify true/false splice sites

Positive Negative

Positive: all annotated acceptors (271,406), 50 bp in intron, 3 bp in

exon.
Negative: same length sequence from gene regions that were not

annotated as acceptor sites.
e 406841 sequences in total
o 232224 (57%) with AG consensus

Score:
ATGATCG... Goodness as an acceptor




Convolutional Neural Network in Genomics
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Acceptor Scoring Model

ConviD
32 filters
11X1

Flatten

Dense

Sigmoid




Learning the Exon Module Based on a MPRA
Dataset

Massively parallel splicing reporter assay from Rosenberg et al 2015

N = 265,137

Acceptor Intron Model Exon Model Donor Intron Model
| A |

[ 1 6bp ] 6bp
[ i

- -

l 50bp " %op) l Sop. 13bp j
Y Y
Acceptor Model Donor Model




Learning the Intron Modules Based on a MPRA
Dataset

Massively parallel splicing reporter assay from Rosenberg et al 2015

N = 265,137
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Train a Joint Exon Regulator Model

HEl Exonic random sequence

Bl Intronic random sequence
Alternative spliced exon

C ConviD
128 filters
15X1

A 4

B Mixed inputs of random
exon sequences from
A5SS and A3SS libraries

|

ConviD
128 filters
15X1

!

Global Average Pooling
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ConviD
128 filters
15X1

A5SS Library A3SS Library
Dense Dense
Mask out Mask out
A3SS library A5SS library

Global Average Pooling

Global Average Pooling

A5SS Library A3SS Library
Dense Dense

A5SS-exon-model

Same principle applied to intron

A3SS-exon-model
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models with MPRA data



Composite Modeling (Exon, Intron, Splice Site)
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Variant Effect Prediction

Effect of mutation on PSI depends on basal PSI:

Assume a mutation change PSI 5% — 50% in one gene, however, in another
gene with PSI = 99%, it can hardly make any change.
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Variant Effect Prediction Requires the Reference
PSI Level

A is predicted with:

urv'vz_ra.r = (T(Aé 7 1oth(le'7(’f)) (1)
Al:' — u‘)'um‘ — 2"‘7‘”f (2)
= 0(As + logit(Yref)) — Yref )

where:

A; : predicted score differences between W'T and mutations.

1
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Model Validation on Vex-Seq Data

Measured APS/
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Measured APSI

Model Validation on Vex-Seq Data
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Model Validation on MaPSy Data

Analyzed 4,964 published disease-causing exonic mutations
using a massively parallel splicing assay (MaPSy). Approximately

10% of exonic mutations altered splicing.

A MaPSy in vivo data
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Variant Effect Prediction from VCF File

*
%*

% —— Maptoexon  —
Annotation [

Var1 Exon1 | -0.5

Delta logit(PSI) Var1 Exon2 |-0.9

Var2 Exon2 | 2.1

One variant can affect the
splicing of multiple exons,
one exons can be affected
by many variants.

Variants can be SNPs or indels, can be exonic or intronic.



Conclusion

Modular architecture.
Modules trained on complementary rich data.

Runnable on VCF, including indels.



Kipoi: accelerating the community exchange and
reuse of predictive models for genomics

trained model repository usage
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