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gersteinlab.org/courses/452
(Last edit in spring ’22. This year’s pack, 22m7, has additional eQTL slides & Hi-C slides compared to last 

year’s M7. The Hi-C slides were mostly transferred from last year’s network pack, 
and the eQTL ones, from last year’s JG TF lecture.)

Biomed. Data Science:

Basic Multi-omic Analyses
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What is Annotation? (For Written Texts?)
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Non-coding Annotations: Overview

Features are often present on multiple ”scale” (eg elements and connected networks)

Sequence features, incl. Conservation Functional Genomics

Chip-seq (Epigenome & seq. specific TF) 

and ncRNA & un-annotated transcription

[Nat. Rev. Genet. (2010) 11: 559]
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RNA-seq
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Information from 
RNA-seq:

Avg. signal at exons & 
TARs (RPKMs)

Signal tracks for two genes are shown. Figure made using UCSC genome 

[PNAS 4:107: 5254 ; IJC 123:569]
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Differential expression analysis

Genome Biology, 2010 11:R106
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Differential expression analysis: Count-based

1. DESeq -- based on 

negative binomial 

distribution

2. edgeR -- use an 

overdispersed Poisson 

model

3. baySeq -- use an 

empirical Bayes 

approach

4. TSPM -- use a two-

stage poisson model
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Chip-seq
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Information from Chip-seq
Scale

chr1:

RefSeq Genes

K562 Pol2 Pk

K562 c-Myc Pk

10 kb

925000 930000 935000 940000 945000 950000

K562 Pol2 Sig

K562 c-Myc Sig

K562 mIgG Sig

K562 H3K4me3 S

K562 H3K36me3 S1

TFs with 
Peaks

Control

His. Marks
(broad)

[Science 330: 1775

+ ENCODE Data 

Sources

TFs & Control: Yale

HMs: UW & Broad ]



Summarizing the Signal: 
"Traditional" ChipSeq Peak Calling

Threshold

• Generate & threshold the signal 
profile to identify candidate 
target regions

– Simulation (PeakSeq), 

– Local window-based Poisson (MACS), 

– Fold change statistics (SPP)

• Score against the control

Potential Targets

Significantly Enriched targets

Normalized Control

ChIP

[Rozowsky et al. ('09) Nat Biotech]
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Data Flow: Chip-seq expts. to co-associating peaks

• Mostly in Tier 1 cell lines 

- K562, GM12878, H1h-ESC…

• Matching RNA-Seq data in all cell-lines

• SPP & PeakSeq

• thresholding w. IDR (replicas)

119 TFs from 458 ChIP-Seq experiments (2 Tb tot.)

Signal Tracks

7M Peaks from Uniform Peak Calling

TF1

TF119

TF2

[ Gerstein et al. Nature (in press, '12) ]



1
2

-
L

e
c

tu
re

s
.G

e
rs

te
in

L
a

b
.o

rg

Data Flow: peaks to proximal & distal networks

Peak Calling

Assigning TF binding sites to targets

Filtering high confidence edges & distal regulation 

Based on stat. model combining 

signal strength & location relative to typical binding 

~500K 

Edges

~26K 

Edges

Potential

Distal 

Edge

Strong

Proximal 

Edge

[ Cheng et al., Bioinfo. ('11); 

Gerstein et al. Nature (in press, '12) ; 

Yip et al., GenomeBiology (in press, '12)]

TFTF
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The irreproducible discovery rate (IDR)

• Unified approach to measure the reproducibility of findings identified from 

replicate high-throughput experiments.

• Idea : call peaks with low cutoff and classify peaks as reproducible or not 

(bivariate rank distributions) based on overlap of ranked peaks (consistency) 

Genome Research 2012, 22:1813-1831



Multiscale Analysis, Minima/Maxima based 
Coarse Segmentation

• Multiscale analysis is a natural way to analyze 
the ChIP-Seq data

14

1kb

4kb

16kb

64kb

Window Length

Maxima

MinimaH
a

rm
a

n
ci

 e
t 

a
l, 

G
en

o
m

e 
B

io
lo

g
y 

20
14

, 
M

U
SI

C
.g

er
st

ei
n

la
b

.o
rg



1
5

-
L

e
c

tu
re

s
.G

e
rs

te
in

L
a

b
.o

rg

Multiscale Decomposition
In

cr
ea

si
n

g 
Sc

al
e

20kb

[Harmanci et al, Genome Biol. ('14)]
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Multiscale Decomposition
In

cr
ea

si
n

g 
Sc

al
e

20kb
Very

Punctate
ER

Broad
ER

Broader
ER

Very Broad
ER

Punctate
ER

[Harmanci et al, Genome Biol. ('14)]
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Simple 

Integration

for 

Elements
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Background on computational annotation for non-coding regions

• Peak calling:

✓PeakSeq, SPP, MACS2, Hotspot …

✓ENCODE Encyclopedia

• Genome segmentation: partition the genome into regions (states) with distinct

epigenomic profiles, then assign each state a functional label.

✓ChromHMM: Multivariate Hidden Markov Model

✓Segway: Dynamic Bayesian Network Model

• Supervised regulatory prediction: learn predictive models from  labeled  dataset of 

regulatory elements.

✓ CSI-ANN: Time-Delay Neural Network

✓ RFECS: Random Forest

✓ DEEP: Ensemble SVM + Artificial Neural Network

✓ REPTILE: Random Forest

✓ gkm-SVM: Gapped k-mer

• Target finding

✓ Ripple, TargetFinder, JEME, PreSTIGE, IM-PET
C

h
ro

m
H

M
M

C
S

I-
A

N
N

J. Ernst, M. Kellis. Nat. Protoc., 2017

H.A. Firpi, D. Ucar, K. Tian. Bioinformatics, 2010
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Broad ENCODE Annotation

[Enocode Consortium et al. Nature (‘20)]
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Matched Filter recognize shape patterns

Matched Filter

[ biorxiv.org/content/early/2018/08/05/385237; Sethi et al. (‘20) Nat. Meth. ]
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ASB/ASE
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Allele-specific binding and expression

variants



Inferring Allele Specific Binding/Expression 

using Sequence Reads

RNA/ChIP-Seq Reads

ACTTTGATAGCGTCAATG

CTTTGATAGCGTCAATGC

CTTTGATAGCGTCAACGC

TTGACAGCGTCAATGCAC

TGATAGCGTCAATGCACG

ATAGCGTCAATGCACGTC

TAGCGTCAATGCACGTCG

CGTCAACGCACGTCGGGA

GTCAATGCACGTCGAGAG

CAATGCACGTCGGGAGTT

AATGCACGTCGGGAGTTG

TGCACGTTGGGAGTTGGC

10 x T

2 x C

…AATGC…

…AACGC…

Haplotypes with a 
Heterozygous Polymorphism 

TF

Interplay of the annotation and individual sequence variants
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Many Technical Issues in Determining ASE/ASB: 

Reference Bias 

(naïve alignment against reference)

Fraction of Reads Mapping to Alternative Allele 

Allele-Specific SNPs

Reference Allele Alternate Allele

[Rozowsky et al., MSB (‘11)]

Binomial Null Distribution

(no allele-specific behavior)

ASE/ASB Example:
…GTCAATGCAC

…GTCAATGCACG

…GTCAATGCACGTC

…GTCAATGCACGTCG

…GTCAACGCACGTCGGGA

GTCAATGCACGTCGAGAG

CAATGCACGTCGGGAGTT

AATGCACGTCGGGAGTTG

Null Example:
ACTTTGATAGCGTCAATG

CTTTGATAGCGTCAACGC

TTGACAGCGTCAATGCAC

ATAGCGTCAATGCACGT…

TAGCGTCAACGCACGT…

CGTCAACGCACGT…

CAATGCACGT…

AATGCACGT…
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How to build a personal genome

Rozowsky et al. Mol Syst Biol (2011)

(fasta; reference)

(vcf, variants
phased or unphased)

(fasta; for each 
haplotype)

alleleseq.gersteinlab.org
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eQTL/GWAS
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Variants Genes Traits
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Variants Genes Traits

eQTL

GWAS

Mendelian Randomization
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16 64 76 8828 40 52
Height

Quantitative traits

Mendelian traits
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16 64 76 8828 40 52

Height

0.5 2.5 3.0 3.51.0 1.5 2.0

Gene expression
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Expression quantitative trait locus (eQTL) 

Biochimica et Biophysica Acta (BBA)-Molecular Basis of Disease 2014, 10:1896-1902
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X: Number of alternative (alt) allele

Y: Expression level of the gene

GTEx Consortium, 2017, Nature

AAGAGG

Y = 𝛽 ∗ 𝑋 + 𝜀

T-test for null hypothesis 𝛽 = 0
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“The Genotype-Tissue Expression (GTEx) project is an ongoing effort to build a comprehensive 

public resource to study tissue-specific gene expression and regulation. Samples were collected 

from 54 non-diseased tissue sites across nearly 1000 individuals, primarily for molecular 

assays including WGS, WES, and RNA-Seq. The GTEx Portal provides open access to data 

including gene expression, QTLs, and histology images.”

https://www.gtexportal.org/home/
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GTEx Consortium, 2020, Science
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GTEx dataset:

Phenotypes: N samples × M genes

Genotypes: N samples × L loci

Covariates: N samples × C covariates (PEER factors)
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Aspects of Scaling eQTL calculation to Many SNPs & Many Samples

Stegle O, Parts L, Durbin R, Winn J (2010) A Bayesian Framework to Account for Complex Non-Genetic Factors in Gene 

Expression Levels Greatly Increases Power in eQTL Studies. PLOS Computational Biology 6(5): e1000770. 

https://doi.org/10.1371/journal.pcbi.1000770

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000770

Also, important to take into account multiple testing correction 

when performing this with many SNPs

Taking into account covariates

General additive model for sources of gene expression variability.

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000770
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Calling cis-eQTLs with FastQTL (now TensorQTL)

github.com/francois-a/fastqtl
github.com/broadinstitute/tensorqtl
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https://github.com/broadinstitute/tensorqtl
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GWAS
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(Ikram et al, 2010 PLoS Genet.)

Manhattan plot
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Hi-C



4
2

-
L

e
c

tu
re

s
.G

e
rs

te
in

L
a

b
.o

rg

3D organization of genome

image credit: Iyer et al. BMC Biophysics 2011, 
cartoonist John Chase

image credit: Iyer et al. BMC Biophysics 2011
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Hi-C contact map
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Data:
Rao	et	al.	Aiden,	
Cell	2014

Science 2009, 5950: 289-293

43
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Topologically associating domains (TADs)

TADs have apparent 
hierarchical organization
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Identifying TADs in multiple resolutions

[Yan et al., PLOS Comp. Bio. (in revision, ‘17); bioRxiv 097345]

To be continued in network section…..


