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CAGI	Splicing	challenges:	Vex-seq and	MaPSy

MaPSy

Vex-seq



Alternative	splicing

Reproduced from Cartegni, L., Chew, S. L. & 
Krainer, A. R. Listening to silence and 
understanding nonsense: exonic mutations 
that affect splicing. Nature Rev. Genet. 3, 
285-298 (2002) © Macmillian Magazines Ltd.



Splice	site	recognition

From	The	Expanding	Landscape	of	Alternative	Splicing	Variation	in	Human	Populations.
by: Eddie	Park, Zhicheng Pan, Zijun Zhang, Lan	Lin, Yi	Xing
American	journal	of	human	genetics,	Vol.	102,	No.	1.	(04	January	2018),	pp.	11-26
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Missense	and	synonymous	mutations	are	often	ESE	or	
ESS	or	cryptic	splice	site	activation	mutations.

Exonic
splicing	
mutations?







Wild-type

Mutant

DNA	input Exon	
inclusion

If	the	mutant	allele	is	not	spliced	
in,	then	d	will	be	low	and	b/d	
will	be	greater	than	a/c

MaPSy

Participants should provide the probability that each variant is an Exonic Splicing Mutation 
(that passed the 1.5 fold change and a two-sided Fisher’s exact test adjusted with 5% FDR 
both in vitro and in vivo). 

In addition, given the input read counts of the WT input (a) and MT input (c) the 
participants should predict the log2 allelic skew ratio for in vivo and in vitro panels for 
each pair in the test set.



Team Average	
P(TP)	and	
1-P(TN)

Per	sample	
agreement

Approach

Bar-Ilan 0.563 0.817 Literature	features	(LIT)	plus	k-mers (DB,	database).
This	Prediction	was	done	by	training	a	decision	tree	(J48)	on	all	features	of	
both	LIT	and	DB.	

Munich 0.519 0.916 Compositional	modeling

Bolonga 0.446 0.715 “All	features”	(Soemodi,	MaxEnt),	Random	Forest,	CNN

Tokyo 0.550 0.653 An	ensemble	model	of	convolutional	neural	networks	(CNNs),	random	
forests	algorithm	(RFs),	and	logistic	regression	(LR).	Features	similar	to	the	
Soemodi list.

Toronto 0.514 0.914 MaxEnt,	a	NN	version	of	MaxEnt,	Exon	definion,	hexamer	scores,	ESE	and	
ESS	motifs.

Exonic Splicing	Mutation	Probability



Bar-Ilon features



Munich	approach
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Munich	
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Team Pearson
In	vitro/vivo

Spearman
In	vitro/vivo

Approach

Munich 0.435
0.435

0.602
0.602

Compositional	modeling

Bar-Ilan NA NA Literature	features	(LIT)	plus	k-mers (DB,	database).
This	Prediction	was	done	by	training	a	decision	tree	(J48)	on	all	
features	of	both	LIT	and	DB.	

Bolonga 0.038
0.038

0.058
0.058

“All	features”	(Soemodi,	MaxEnt),	Random	Forest,	CNN

Tokyo 0.354
0.354

0.524
0.524

An	ensemble	model	of	convolutional	neural	networks	(CNNs),	
random	forests	algorithm	(RFs),	and	logistic	regression	(LR).	Features	
similar	to	the	Soemodi list.

Toronto 0.349
0.349

0.500
0.500

Two-layer	NN	using	1)	MaxEnt,	2)	a	NN	version	of	MaxEnt,	3)	Exon	
definition,	4)	hexamer	scores,	5)	ESE	and	ESS	motifs.

MaPSy Allelic	Skew	Ratio	- correlations



Vex-seq

CAGI Participants are asked to predict the outcome 
of the Vex-seq experiment. This is expressed in 
terms of ΔΨ, (delta PSI, or Percent Spliced In), 
between the variant Ψ and the reference Ψ



Team Pearson Spearman Approach

Munich 0.675 0.377 Compositional	modeling

Sun	Yat-Sen 0.566 0.199 Sequence	->	(ANNOVAR	)	->	Features	->	(SVM)	->	Prediction
Features	from	Livingstone	et	al.	(DDIG-SN),	supplemented	with	MaxEnt
and	splicing	regulatory	features	from	multiple	sources

NIH 0.500 0.321 SplicePort and	SPANR.	The	best	performance	used	logit	Psi.

Bar-Ilan
(entry	3)

0.490 0.140 Literature	features	(LIT)	plus	k-mers (DB,	database).
Random	Forest

Berkeley 0.430 0.072 See	Poster!
Many	features,	including	ESS,	ESE	and	ESR	features	and	many	individual	
binding	sites.	

Jilin	Univ. 0.294 0.151 Methods	are	entirely	code.	It	looks	like	they	only	used	the	test	data	and	
an	SVM.

Vex-seqΨ - correlations



Team Pearson Spearman Approach

Munich 0.675
0.782

0.377
0.838

Compositional	modeling

Sun	Yat-Sen 0.566
0.674

0.199
0.821

Sequence	->	(ANNOVAR	)	->	Features	->	(SVM)	->	Prediction
Features	from	Livingstone	et	al.	(DDIG-SN),	supplemented	with	MaxEnt and	
splicing	regulatory	features	from	multiple	sources

NIH 0.500
0.625

0.321
0.762

SplicePort and	SPANR.	The	best	performance	used	logit	Psi.

Bar-Ilan
(entry	3)

0.490
0.640

0.140
0.719

Literature	features	(LIT)	plus	k-mers (DB,	database).
Random	Forest

Berkeley 0.430
0.586

0.072
0.763

See	Poster!
Many	features,	including	ESS,	ESE	and	ESR	features	and	many	individual	binding	
sites.	

Jilin	Univ. 0.294
0.466

0.151
0.512

Methods	are	entirely	code.	It	looks	like	they	only	used	the	test	data	and	an	
SVM.

Ψ Correlations	improve	with	2SD	outliers



Conclusion:Modular predictions work



Conclusion
Consider using logit Ψ

Munich, Bar-Ilan, NIH groups 
all used this



When	ranked	by	p-value,	
there	is	little	correlation	
between	logit	and	
nontransformed significant	
cases	of	differential	
alternative	splicing.
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R2:	0.4344

This	is	my	own	data	(Nazario	and	Wu)	
analyzed	in	my	lab	(by	Haley	Wight).


