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Abstract

Introduction

A. What is an enhancer? 
· Biological definition of noncoding regulatory elements
· Tissue specificity of gene expression
· disease-association through GWAS/Cancer studies.

B. How it is predicted?
· Taken out of native context to test experimentally.
· Biologically validated enhancers for mammals are few in number
· Hence, properties associated with regulatory elements are used for prediction such as 
· Histone marks/DHS
· TF binding
· Evolutionary conservation.

C. NGS and enhancer validation assays
· New massively parallel assays that can test activity for 1000s of enhancers/promoters at a time
· Caveats are that most of them are based on transfection and lose chromatin context
· However, a treasure trove of information on these regulatory elements can be used to study and predict properties of enhancers.

D. How to combine marks to predict regulatory elements remains largely unknown?
· H3K27ac and DHS enrichment considered most accurate for predicting regulatory elements but not extensively compared to one another
· How to combine these marks remains largely unknown? – HMM for chromHMM and SegWay, Random forest for RFECS and EnhancerFinder. Neural Networks. K-mers for SVM k-mer.
· However, how to combine these marks remains largely unknown.

Results

A. Creation of metaprofile – Figure 1, Figure S1, Figure S2
· Active STARR-Seq regulatory regions used to build metaprofile of different epigenetic marks associated with enhancers.
· Profile expected was open DNA (high DNase sensitivity) and flanked by nucleosomes with modified histones (especially acetylation on H3K27, H3K9 and different methylations on H3K4)
· Histone marks associated with regulatory regions tend to be asymmetric double peaks with asymmetry in the same direction.
· DHS metaprofile is a single peak at the center of the double peak.
· Variability of metaprofile – distance between the peaks and also symmetric across minima on average.

B. Matched Filter with marks – Figure 2, Figure 3, Figure 4, Figure S3, Figure S4, Figure S5, Table S1
· What is matched filter? Recognition of certain patterns within signals in the presence of noise with highest SNR.
· Matched filter scores over individual histone marks can be used to predict regulatory regions with high accuracy – especially H3K27ac and H3K9ac.
· These matched filters can be combined using different ML models with slightly better accuracy.
· Effect of core promoter on predictions – reduces AUPR compared to all active regulatory regions in cell.
· Importance of features shows that different marks do provide slightly independent information and recapitulates what is known in terms of most important marks for predicting regulatory elements.
· H3K4me1, H3K4me3, H2Av have bimodal distribution within positives indicating two clusters of regulatory regions.
· However, when all 30 marks are used, we get even better accuracy with H4BK5ac being an important mark that is rarely used by big consortia.

C. Matched filters for proximal/distal regulatory regions – Figure 5, Figure S6, Figure S7, Figure S8
· Different histone marks give decent AUROC and AUPR when predicting proximal and distal regulatory regions separately.
· The histogram for H3K4me1 shows it is enriched in enhancers but not in promoters. Opposite effect is true for H3K4me3. They also become unimodal in regulatory regions.
· The machine learning models combine histone mark for proximal and distal regulatory regions with different emphasis.
· H4BK5ac remains high in enhancers/promoters.
· Proximal ML model does not work too well for predicting distal regulatory regions and vice versa.

D. Usability of matched filters across cell-types/species – Figure 6, Figure 7, Figure S9, Figure S10, Figure S11
· Introduce FiREWACH as well for mouse
· Different matched filters can be used directly to predict enhancers/promoters across cell-types and species.
· In addition, ML models are reusable once we use Z-score based ML models indicating noise might be slightly different in different tissues.

E. Genome wide prediction of enhancers/promoters using matched filters – Figure 8, Figure S12?
· H1-hESC – experimental validation
· H1-hESC – properties of predictions – gene expression of close by genes + location of regulatory regions

F. Differences in promoters and enhancers with respect to TRF binding – Figure 9
· TRF binding patterns at enhancers and promoters vary
· TRF binding at enhancers more heterogeneous
· TRF co-binding is also different and gives clues to TF cooperativity
· TRF co-binding can be used to distinguish enhancers from promoters – new result that might have to be redone as an experiment.

Discussion

· Utilizing information from NGS enabled massively parallel regulatory assays help us understand the epigenetic underpinnings of active regulatory regions. We can utilize these epigenetic underpinnings to predict enhancers in a cell-type specific manner.
· We used matched filters that have the highest SNR to identify the occurrence of the metaprofile profile within individual marks to predict active regulatory regions.
· We were able to combine these regulatory regions using different machine learning models to improve the accuracy of enhancer/promoter prediction.
· In addition, we were able to identify epigenetic marks associated with promoters as compared with enhancers and vice versa.
· These metaprofiles are conserved across evolution.

· Proximal regulatory regions tend to be stronger than distal regulatory regions and also have larger number of TRFs binding sites.
· Different kind of co-TF binding occurs at promoters and enhancers.
· We were able to make ML models that distinguish proximal and distal regulatory regions based on these differences.

Methods

Creation of Metaprofile
· Identification of double peaks in H3K27ac around active STARR-Seq peaks
· Alignment, interpolation, and smoothing to create metaprofile
· Same set of operations on other chromatin associated marks to create dependent profile.

Matched Filter Algorithm
· Convolution of metaprofile with signal
· Noise leads negatives to have Gaussian distribution
· Positives have noise but also have pattern at varying intensities – hence Gaussian with more spread

AUROC/AUPR Curves
· Positives are peaks in MPRA
· Negatives are random regions of same width with H3K27ac signal that do not intersect with positives

Machine Learning Models (all implemented in scikit-learn)
· Random Forest
· Linear SVM
· Gaussian Naïve Bayes
· Ridge Regression

H1-hESC whole genome prediction
· Scan over chromatin with matched filter
· Used SVM to set cutoff 

H1-hESC regions and gene expression
· Gencode v19 on hg19
· ENCODE2 data for gene expression (polyA)

H1-hESC TRF binding
· ENCODE2 TRF datasets (60 ChIP-Seq experiments)
· [bookmark: _GoBack]Intersectbed (-f 0.25)
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