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Genome wide association studies (GWAS) has
identified variants associated with disease

Coding vs. non-
coding SNPs
Patients \

Non-patients
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- Challenge:
Understand the biological impact of disease-associated SNPs in
non-coding regions
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Disease-associated SNP affecting TF binding in non-
coding region
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Active distal enhancer
Soldner, F., et al. Nature 2016
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Combined functional annotations increases confidence in a
variant being functional
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Evaluation of tools based on saturation
mutagenesis massively parallel report assay
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CAGI 2016 - Features used in each group

Group: 1 2 3 |4()| 5 6 7
Sequence features (k-mers) v v
TF binding Motif [transfer learning] v v v
DeepBind [transfer learning] features v v
DeepSEA [transfer learning] features v v
Basset [transfer learning] features v
Conservation features v
ENCODE track features v v v
Genome segmentation features v
Multiple prediction models v v v

Slide from Haoyang Zeng CAGI 2016 presentation
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ROC performance on test data from CAGI 2016

ROC performance
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1.0

Task 2 LogSkew Spearman corr.| emVar AUROC
group
4 0.449760 0.655261
5 0.342004 0.577220 0.5798
7 0.007343 0.562854
6 0.190123 0.561776
3 0.030049 0.511181
1 0.105376 0510103
2 -0.023092 0.472651
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CAGI challenge 2017

« Predicting individual non-coding variant effects in disease
associated promoter and enhancer elements

« 17,500 single nucleotide variants (SNVs) in 5 human disease
associated enhancers and 9 promoters
200~600 bases in each regulatory region

(25% for training, 75% for prediction)

« Assessed in a saturation mutagenesis massively parallel reporter
assay
(effect size & confidence score)
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https://genomeinterpretation.org/content/expression-variants
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Data source:
massively parallel reporter assays (MPRA)

Table 1: Tested promoter sequences. Table 2: Tested enhancer sequences.
Genomic . Constru Genomic Phenotype
Promoter coordinates  ASSCCItd ooy ine et size Enhancer coordinates causedby  Cell line COSITUct
Phenotype h size (bp)
(GRCh38/hg19) (bp) (hg19) mutations
chr6:396143- Human SK-
F9 ehrX:138,612.624 Hemophilia B HepG2 300 R 396593 pigmentation MEL-28 i
-138,612,923 -
chr1:20998913 .
Bormard. IRF6 e 209989734  Cleftlip HaCaT 600
GP1BB chr22:19,710,790 o HEL 92.1.7 384 -
-19.711.173 oulier A chr8:128,413,0 Various types |-\ o4
Syndrome MYC 74- of cancer T 600
HBB A t8252" Thalassemia HEL 92.1.7 187 128,413,673 (rs6983267)
5,248,438 — Plasma low-
ereditary density
chr11:5,271,035- persistence of chr1:109,817,2 . i
HBG 5971 308 ?etal HEL 92.1.7 274 SORT1 74- IIEOFrOtem| N HepG2 600
201, _ 109817873 © olestero
hemoglobin o myocardial
Maturity- infraction
onset ;
chr20:42,984,160 . chr6:37,775,27 Type 2
HNF4A (P2) )0 s diabetes of ~ HEK293T 285 ZFAND3 g 37 775,853 diabetes MING 578
T the young
(MODY)
Familial
chr19:11199907-
LDLR 11200224 hyperpholeste HepG2 318
rolemia
chr10:51,548,988 Prostate
MSMB 51,549,578 cancer HEK293T 591
Pyruvate
chr1:155271187- | .
PKLR 155271655 klngs_e K562 469
deficiency . . . .
chr5:1,295,105-_ Various types HEK293T https://genomeinterpretation.org/content/expression-variants
TERT 1,295,362 of cancer GBM 258
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Data source:
massively parallel reporter assays (MPRA)
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Prediction task

Training set format:

Chrom

Pos

Ref

Alt

Value - Estimated variant effects

Confidence - Confidence score derived from the p-value of the regression

Sk wh -~

Prediction submission format:

1. Chrom

2. Pos

3. Ref

4. Alt

5. Direction - Repressive = submitted value of -1; activating = submit a value of
1: no effect = submit a value 0

6. P_Direction - Probability of a correct assignment in the previous field

7. Confidence - Prediction of the Kircher et al’s confidence score

8. SD - Standard error of the value in the preceding field
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Effect size — Confidence for each experiment
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Functional genomics data for annotating SNVs

ChlP-

DNase-
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methylation l modifications hypersensitive
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elements transcripts
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Functional
genomic
elements

Long-range
chromatin
interactions

Chromosome

Ecker et al., ‘Genomics: ENCODE explained’ Nature (2012)
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RegulomeDB

Data Type Types Features
Transcription Factor ChIP-Seq (ENCODE) 707 conditions / cell lines 13,208,383
Transcription Factor ChIP-Seq (non-ENCODE) 32 conditions / cell lines 397,534
Transcription Factor ChiP-exo 1 condition 35,161
Chromatin States (REMC) 127 Cell Lines 55,605,005
DNase | Hypersensitive Sites 204 conditions / cell lines 42,738,084
FAIRE Sites 25 conditions / cell lines 4,816,196
DNase | Footprints 50 cell lines / 3 Methods 128,850,659
Predicted Binding (PWMs) a’r?i%SRrS%tg,s J(-(Ij-llr?ngNeStFa'IA.\)C, Jaspar, 339,409,461
eQTLs 142,945 SNPs 142,945
dsQTLs 6,069 SNPs 6,069
Differentially Methylated Regions 1 Cell type 992
Manual Annotations 6 Genomic Regions 282
VISTA Enhancers 1,448 Enhancers 1,325
Validated SNPs affecting binding 855 SNPs 855
MICHIGAN MEDICINE
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Regulomedb.org

ReulomeDB Download
- — =

Data supporting chr6:138230039 (rs117480515)

Score: 2b
Likely to affect binding

Human Feb. 2009 (GRCh37/hg19)  chrei138,229,839-138,230,239 (401 bp)
100 bases| | hgt9
| 138,229,900] 138,229,950 138,230,000 138,230,050 138,230,100 138,230,150 138,230,200
RefSed Genes
H3K27Ac Mark (Often Found Near Active Regulatory Elements) on 7 cell lines from ENCODE

T T T L T

Digital DNasel Hypersensitivity Clusters from ENCODE

Transcription Factar ChIP-seq from ENCODE

Placental Mammal Basewige Conservation by PhyloP

Repeating Elements by Repeathasker

About Help

Protein Binding

Method Bound Protein Cell Type Additional Info

ChiP-seq | chr6:138229944..138230228 NFKB1 GM10847 ENCODE
ChlP-seq  chr6:138229960..138230196 BCL11A GM12878 ENCODE
ChiP-seq | chr6:138229953..138230203 BCLAF1 GM12878 ENCODE
ChiP-seq  chr6:138229982..138230195 EBF1 GM12878 ENCODE
ChlP-seq | chr6:138230003..138230176 EGR1 GM12878 ENCODE
ChiP-seq | chr6:138229934..138230204 MEF2A GM12878 ENCODE
ChiP-seq  chr6:138229970..138230185 MEF2C GM12878 ENCODE

MICHIGAN MEDICINE
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Experiment Summary

EEE

Assay category Assay Target of assay Available data Date released Date Submitted
DNA binding 8969 ChIP-seq 8969 transcription factor 4000 fastq 13803 July, 2013 2761 2013-07-31 2156
Transcription 3331 DNase-seq 873 histone 3102 bam 12815 March, 2014 887 2014-03-31 826
DNA accessibility 1132 polyA RNA-seq 817 control 2597 bigWig 11772 July, 2016 614 2010-11-16 258
DNA methylation 866 shRNA RNA-seq 533 broad histone mark 1727 bed narrowPeak 7354 May, 2016 569 2011-01-11 210
RNA binding 634 total RNA-seq 413 RNA binding protein 1466 bigBed narrowPeak 7343 October, 2016 485 2011-07-18 202

+ See more... + See more... + See more... + See more... + See more... + See more...

Experiment status

O released 14164 Status
15000

2] archived 1030

E revoked 231 10000

Project
ENCODE 9701 5000
Roadmap 2761
modENCODE 1330
modERN 1165 0 _

GGR 461 released archived revoked
+ See more...
® Michael Snyder, Stanford ® ChiP-seq Replication

RFA ® Bradley Bernstein, Broad ® DNase-seq ® unreplicated
ENCODE3 6291 @ John Stamatoyannopoulos, UW © polyA RNA-seq ® isogenic
ENCODE2 2805 @® Richard Myers, HAIB ® shRNA RNA-seq ® anisogenic
Roadmap 2761 @® Bing Ren, UCSD @ total RNA-seq
modENCODE 1330 ® Kevin White, UChicago ® eCLIP
modERN 1165 ® Brenton Graveley, UConn ® RNA microarray

+ See more... ® Thomas Gingeras, CSHL ® DNAme array
® Joseph Costello, UCSF ® WGBS

Genome assembly (visualization) @ Gene Yeo, UCSD © RRBS
hadn TANA A oot PNotot.. NPov o A& - . _ A oo
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DeepSEA
(Deep Learning)

Zhou, J. and O. G.
Troyanskaya Nat
Methods 2015

919 chromatin features

Output:
variant functionality

prediction Functional-variant prediction
Input t
log(allele T/allele A)
Output: 3.0
predicted chromatin ’
effect 2.0
1.0
0

Compare t

DHS TF binding Histone marks

Séﬁg};d allele- Allele T O O O O O O O O O O O
’s);:;ci:lglc chromatin Allele A O O O O O OO O O O O

Predict t

Training data: Train |
ENCODE, wsssly- | Deep convolutional network 2 ﬁi

. . S« I« I+ B o O+ < N I+ N
Roadmap Epigenomics | <« (DeepSEA) R o
chromatin profiles BO00EEOOOOCOTTT0
Input t
Input:
genomic sequences . . .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT. . .
(1,000 bp) . . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT. . .

Variant position

Figure 1 | Schematic overview of the DeepSEA pipeline, a strategy for
predicting chromatin effects of noncoding variants.




Random Forest

Data Set
Draw with replacement
: SRR from original training data
Bootstrapped OOB (out-of-bag)
sample sample
Train on a subset of features l .
Single decision tree repeat

Alan P Boyle — CAGI5
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Binary variables
CHIP

DNASE

FOOTPRINT
FOOTPRINT_matched
PWM

PWM_matched
Numeric variables
|C_change max
IC_change matched

CHIP_sig
IC_change_all (3,6)
DeapSEA scores (1,4)

DeepBind scores (2,5)

Alan P Boyle — CAGI5

Input features

TF binding from ChlIP-seq

DNase | hypersensitive sites from DNase-seq
DNase footprint

DNase footprint + matched TF ChIP peak

TF motif matches from JASPAR, TRANSFAC,
UniPROBE

Motif match + matched TF ChIP peak

Maximum information content change

Maximum information content change in PWM with
matched TF ChIP peak

ChlP-seq signal
Information content change for all PWMs (163 TFs)

Allele binding difference of chromatin features from
DeepSEA + significance score (920 features)

Allele binding difference from (515 TFs)
MICHIGAN MEDICINE
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Input features

Submission Feature Number of features
1,4 RegDB + DeepSEA 929
2,5 RegDB + DeepBind 524
3,6 RegDB + PWM changes 172

Alan P Boyle — CAGI5
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Labeling with GO annotation: negative regulation
of transcription by RNA polymerase |l

Io) )

@

effect_size
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Random forest classifier
(confidence >= 0.1 versus confidence < 0.1)

50~
40~
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2
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Problems:
* Not enough data
AC CQ « Test data have binding of TFs unobserved in
- training set MICHIGAN MEDICINE
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Multiclass classification

A random forest model was trained to make predictions for both direction of
effects and confidence scores (ntree=500).

4,650 measurements classified for training: ., 2.
- Confidence >= 0.1 & effect > 0: 374 (1) / \ o=

- Confidence >= 0.1 & effect < 0: 736 (-1)
- Confidence < 0.1: 3,540 (0)

We trained three binary classifiers for each label with random forest model, and
predicted the label with the highest probability.

For confidence prediction, we trained a random forest regression model on
confidence scores and calculated the standard deviation of predictions from
500 trees in “SD” column.
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Three submissions

Binary classifier AUC from | Prediction (total: 13,636)
10-fold CV

1 -1/+1,0 0.858 N: 679
+1/-1,0 0.78 P:138
0/-1,+1 0.819

2 -1/+1,0 0.876 N: 399
+1/-1,0 0.766 P:69
0/-1,+1 0.837

3 -1/+1,0 0.712 N: 441
+1/-1,0 0.58 P35
0/-1,+1 0.705
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