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Task and data

u From sequence info, make a prediction whether a 
mutation causes splicing abnormalities in Mapsy

u Probability of exonic splicing mutations (ESMs)

u Log2 vivo/vitro allele ratio (AR)

u Data

u 453 ESM data (positive), 4511 non-ESM data (negative)

u Removed misclassified positive data

u Imbalanced data -> adjusted with random over-sampling

u 10-fold cross-validation

Created for CAGI 2018 Tatsuhiko Naitogenomeinterpretation.org



Method: Outline

Pre-
processing

Deep 
learning

Feature 
engineering

Machine 
learnings

OutputInput

Ensemble

Created for CAGI 2018 Tatsuhiko Naitogenomeinterpretation.org



Method: Deep learning

u Data pre-processing

u Removed the leftmost and rightmost 15 nucleotides

i.e. CTTATGCGAACGTGATAGGGGCCA ……… GGGCTTTGGAAAGGATTGCTGCTC

u One-hot-encoding on the sequence

i.e. A -> (1,0,0,0,0), C -> (0,1,0,0,0), Mutation -> (0,0,0,0,1)

u Loss function

u Cross entropy for probability of ESM

u Mean squared error for AR

u Optimization: Adam (Kingma, 2014)
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convolution

convolution

max-pooling max-pooling

fully connected

fully connected

Hyper parameters were determined with TPE (Bergstra, 2015)
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Method: Feature engineering

u Extracted feature variables manually

u Applied them to following machine learning methods

u Random forests

u Logistic regression (Linear regression)

u AdaBoost

u XGBoost
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u Feature variables

u Exon len: length of exon
u Exon GC rate: GC rate of exon
u Exon num: number of exons composing the gene
u Exon pos: exon position number divided by the exon num
u Mt dist: the distance from the mutation point to the nearer splicing site
u DS/AS MaxEnt: splice site score of DS/AS calculated with MaxEntScan

(Yeo, 2004)

u ESRseq: Hexamer splicing scores of WT (Shengdong, 2011)

u ESRseq diff: WT/MT difference of ESRseq
u ESRseq 5’/3’ intron: ESRseq of 5’/3’intron 
u HI score/proba: haploinsufficiency score and probability (Huang et al, 2010)

u MFE: the maximum free energy computed with ViennaRNA packages 
(Package et al, 2011)

u MFE diff: WT/MT difference of MFE
u DS/AS proba: probability of DS/AS of a MT calculated with DSSP
u DS/AS proba diff: WT/MT difference of DS/AS proba
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u Splice site probability calculated with DSSP

u Calculate splice site probability with 
deep learning from 140 nucleotides 
with the consensus sequence in the 
middle 

u Evaluate probabilities for DS and AS 
respectively 

u DS proba (WT)

u AS proba (WT)

u DS proba-diff (between WT and MT)

u AS proba-diff (between WT and MT)

(Naito, 2018)
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Method: Ensemble

u Stacking: ensemble method for reducing generalization 

error

u Used regression models for ensemble

Machine learning 1

Machine learning 2

Deep neural networks

OutputLogistic (Linear) 
regression
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u Stacking

Machine learning 1

Machine learning 2

Deep neural networks

train

train

train

predict

predict

predict

Prediction

Prediction

Prediction

stack

Logistic
(Linear) 

regression
Prediction

train
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Result

u Tried combining a lot of models, but eventually 
following models were used.

u Probability of ESM

u Vivo/vitro AR
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Deep learning Logistic regression Random forests Ensemble

ROC-AUC 0.753 0.670 0.749 0.760

Deep learning Linear regression Random forests Ensemble

vivo MSE 1.15 - 1.11 1.11

vitro MSE 0.43 0.42 - 0.41
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u Feature ranking
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Discussion

u Combination of feature learning and feature 
engineering lead to better performance

u Original features may have enhanced the performance
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