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Previous Work

Prediction of functional regulatory elements

* Goal: explore features and models that may predict
regulatory activity of candidate enhancer regions

« Datasets: mostly publicly available datasets of MPRA
activity

« Features: aggregate of experimental features, outputs of
other models, and sequence-based features

* Models: ensemble of nonlinear models (e.qg.
RandomForest)
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Insights from Previous Work

 Ensemble models produce better accuracy

« Concatenating all features produce better results than
using individual features

» Supervised models learn well on MPRA datasets

 Models trained on one dataset can be applied to predict
on another with moderate loss of accuracy
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Featurization per Region

* Experimental

— Number of base-pair overlap with measured peaks of
ENCODE epigenetic factors

— 1095 features
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Featurization per Region Cont.

 DeepSea

— Quantifications of transcription factor binding, DNAse |
sensitivities, and histone marks
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— Quantifications of transcription factor blndlng
— 515 features
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Featurization per Region Cont.

* Motifs
— Scoring of ENCODE sequence motifs

— 2065 features cc A
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— Counts for each possible S5mer
— 1024 features
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Featurization per Region Cont.

 DNA Shape

— Predicted DNA shape parameters: Minor groove width,
Roll, Propeller twist, Helix Twist

— 4 features

MGW Roll ProT HelT

« BP Content

— Maximum length of polyA and polyT. GC content
— 3 features
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Supervised Ensemble Model

« Separate models for promoters and enhancers

 Ensemble of RandomForest and ExtraTrees
classifiers for predicting direction

 RandomForest regressor for predicting the
confidence

— Rescale the predicted confidence to the distribution of
the training confidences

* One attempt balances the weight of the classes
by the inverse frequencies
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+1 Accuracy 0 Accuracy -1 Accuracy Average Accuracy Balanced Accuracy Pearson

Full Unweighted

Full Balanced
DeepSea Unweighted
DeepBind Balanced
DeepBind Unweighted
Smer Unweighted
DeepSea Balanced

Smer Balanced

Motifs Unweighted
Motifs Balanced - 10
Experimental Unweighted -
BP Content Unweighted - L 12
DNA Shape Balanced - 0.061 0.902 0.263 0.717 0.409 0315
DNA Shape Unweighted 0.897 0.271 0.715 0412 0315 L
BP Content Balanced 0.739 0.372 0.646 0.499 0.294
Experimental Balanced 0.742 0314 0.64 0.496 0.29 "

Cross validation values by feature sets for Enhancers, sorted by
Average accuracy, colored by rank.

Accuracies correspond to the Direction classification
Pearson corresponds to the Confidence regression



+1 Accuracy 0 Accuracy -1 Accuracy Average Accuracy Balanced Accuracy Pearson

Full Balanced
DeepSea Unweighted
DeepSea Balanced
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Experimental Balanced 0439 0.306 0423 0.397 0.216
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Cross validation values by feature sets for Promoters, sorted by
Average accuracy, colored by rank

Accuracies correspond to the Direction classification
Pearson corresponds to the Confidence regression



Supervised Ensemble Model
Analysis

* Predicts class 0 well, but does worse on +1 and -1

* Full set of features performs the best overall in both
Enhancers and Promoters

« Balancing class weights by class frequencies does not
help prediction
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Transfer Ensemble Model

« Utilize other MPRA datasets

— Putative regulatory regions (Kwasnieski et al. 2014)

— Expression quantitative trait loci (eQTL) regions (Tewhey et al.
2016), also used in CAGI 4

— Putative liver enhancers (Inoue et al. 2017)
— Putative enhancers (Inoue et al. unpublished)

« Trained a regressor on featurization to predict regulatory
activity
* Applied regressor on each pair of reference and variant

data, then subtract to get log fold change — predict
direction from log fold change

« Did not use training labels
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Transfer Ensemble Model
Analysis

« Performance is bad:
— +1 Accuracy = 0.26
— 0 Accuracy =0.74
— -1 Accuracy = 0.21

« Cannot predict “confidence”

 Maybe can use previous datasets in conjunction with
training set
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Siamese CNN Model

Confidence
regression,
reference L2 loss
Convolution,
pooling concatenation flatten, dense
200 to 600
base pairs
variants softmax, ‘
crossentropy
Direction,
P-Direction
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Siamese CNN Model Analysis

* Never desirably converged during training
— Always predicts class 0

« Maybe due to not enough data
— Only around 4000 total variants
— Variants of the same region are very similar to one another

Created for CAGI 2018 genomeinterpretation.org Zhongxia Yan



Submission Labels

1. Prediction from balanced Supervised model

2. Prediction from balanced Supervised model — duplicate
of previous
3. Prediction from unbalanced Supervised model

4. Prediction from balanced Supervised model with
enhancer directions from Transfer model
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Conclusion

 Ensemble model is effective in distinguishing single
nucleotide variants

 Full featurization is the most effective, and works on both
promoters and enhancers

* Neural network may need more tuning or more data
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Overview of Challenge

* Predict effect of single nucleotide variation in
enhancers and promoters on MPRA activity

« Dataset consist of 9 promoter regions and 5
enhancer regions from 187 bp to 600 bp

« Each region has around 3 * <num bp> single
nucleotide variants, and around a quarter of
those are labeled
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Data Format

* Training Data
#Chrom Pos Ref Alt Value Confidence
X 138612669 T A -0.17 0.07

— Value is variant effect
« Test Output Fortmat

Chrom Pos Ref Alt Promoter_Enhancer Direction P_Direction Confidence SE
1 109817273 C A SORT1 * * * *

— Direction:
 Derived as sign(value) * (confidence > 0.1)
— P-direction: probability that direction is correct

Comments
%
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Data Preprocessing

* For each region, featurize the reference region
and all of its variants

 Full feature for each variant is the concatenation
of the reference and variant features
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