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An Overview of the Data & Some of the Key Analyses  
of the ENCODE & modENCODE Consortia: 

Interpreting the Transcriptome 
in terms of the Regulome 

 
M Gerstein, Yale 

 
 
 

See last slide for  
references & more info. 

 
 
 
 
 

Slides freely downloadable from 
Lectures.GersteinLab.org 
& “tweetable” (via @markgerstein). 

 
 
 



Trying	
  to	
  interpret	
  RNA-­‐seq	
  in	
  
terms	
  of	
  Regula7on	
  

•  Large	
  amount	
  of	
  transcriptome	
  (RNA-­‐seq)	
  
data	
  generated	
  on	
  diverse	
  systems	
  &	
  in	
  
diverse	
  condi7ons	
  

•  Less	
  but	
  s7ll	
  considerable	
  amount	
  of	
  
regulatory	
  network	
  &	
  chroma7n	
  structure	
  
data	
  available,	
  mostly	
  on	
  canonical	
  human	
  &	
  
model	
  organism	
  systems	
  

•  One	
  goal	
  is	
  to	
  interpret	
  the	
  RNA-­‐seq	
  in	
  light	
  of	
  
frameworks	
  provided	
  by	
  the	
  regulatory	
  data	
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Compara've	
  
ENCODE	
  Func'onal	
  
Genomics	
  Resource	
  
(EncodeProject.org/modENCODE.org)	
  

•  Broad sampling of conditions across 
transcriptomes & regulomes for 
human, worm & fly 

–  embryo & ES cells 
–  developmental time course (worm-fly) 

•  In total: ~3000 datasets (~130B reads) 

3	
  



4
 - 

Le
ct

ur
es

.G
er

st
ei

nL
ab

.o
rg

 

Also Large Amount of  
Yeast Functional Genomics Data 
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An Overview of the Data & Some of the Key Analyses of the ENCODE & modENCODE Consortia: 
Interpreting the Transcriptome in terms of the Regulome 
•  Using Logical Gates to 

Interpret RNA-seq 
- Preponderance of OR 

gates in the human network 
v yeast 

- Relation to cancer (myc) 

•  Globally Organizing 
Regulation into a 
Hierarchy 
- Construction: local BFS v 

global simulated annealing 
- Differences between kinase 

& TF hierarchy 
- More logical structure at top 

of hierarchy 

•  HM Models Relating Gene 
Expression to Promoter 
Activity 
- Works for ncRNAs as well as 

genes 
- Universal cross-species model 

uses same set of parameters 
across diverse phyla 

•  Similarly constructed TF 
Models [if time] 
- Variable importance of regions 

around genes for HMs & TFs 
- TF & HM signals are 

redundant for ‘prediction' 
- Surprisingly, a few TFs are 

quite predictive 
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Loregic: A method to characterize the 
cooperative logic of regulatory factors 

Wang D, Yan K-K, Sisu C, Cheng C, Rozowsky J, Meyerson W, Gerstein M (2015), PLoS Comput Biol 11(4): e1004132. doi: 10.1371/
journal.pcbi.1004132 
 

General-purpose tool, R package: github.com/gersteinlab/loregic 
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A gene can be regulated by multiple gene regulatory 
factors 

Gene regulatory network Next generation sequencing 
techniques (e.g., ChIP-seq, 
CLIP-seq) predict gene 
regulatory factors (RFs) 
and their target genes 
•  transcription factors 

(TFs) 
•  micro-RNAs 
… 

Many genes are regulated by multiple RFs. 
How RFs coordinate to regulate target gene expression? 

•  cooperative? 
•  competitive? 
•  independent? 

… 

Peak  calling  
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Modeling cooperativity between RFs to target gene 
using logic gates 

Input type 
(RF1, RF2)

RF1 0 0 1 1
RF2 0 1 0 1

Output T X X X X

RF1

RF2

T? 

2-input-1-output logic gate 

00110101…

10110101…

01110111…

X can be 0 or 1, so there are 24=16 possible 
output combinations, each of which corresponds 
to a unique 2-input-1-output logic gate

Binarized 
expression

… 

A regulatory triplet 

RF1

RF2
T

10110101…

10110101…
00110101…

0 – gene off 
1 – gene on
after binarizing gene 
expression data* 

*BoolNet, R package 
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Gene 20 samples

RF1=TF 1 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1

RF2=TF 2 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1

T=Gene 1 0 0 0 1 0 1 0 1 0 0 0 0 0 0 0 1 0 0 0 1

0

0

0 1

0

1

0 1

1

0

0 1

1

1

0 1

RF1

RF2

T

5 0 4            1 5            0 1            4

RF1=TF 1 0 0 1 1

RF2=TF 2 0 1 0 1

T=Gene 1 0 0 0 1

AND

TF2TF1

Gene 1

Consistency score:

6/7*5/7*6/7*5/7 = 0.37

s1=(5+1)/(5+2)
=6/7

s2=(4+1)/(5+2)
=5/7

s4=(4+1)/(5+2)
=5/7

s3=(5+1)/(5+2)
=6/7

RF1

TF1
RF2

TF2

T
Gene 1

An example: selection of the best-matched logic gate 

Laplace’s rule of succession
s=(# of selected output state for 
the input type + 1)
/(# of input type + 2)

Consistency score:
6/7*5/7*6/7*5/7=0.37

Wang, et al., PLoS Computational Biology, 2015 
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Triplet 
ID

RF1 RF2 Common 
Target 
Gene (T)

Matched 
logic gate

1 YHR084W YBR083W YBR082C AND 

2 YKL112W YIL131C YMR198W OR 

… … … … …

39011 YOR113W YBL103C YDR042C XOR 
Nu

m
be

r o
f g

at
e-

co
ns

ist
en

t t
rip

le
ts

T=
0

AN
D

RF
1*

~R
F2 RF

1

~R
F1

*R
F2 RF

2

XO
R

O
R

NO
R

XN
O

R

~R
F2

RF
1+

~R
F2

~R
F1

~R
F1

+R
F2

NA
ND T=

1

0

200

400

600

800

Yeast Cell Cycle

1 1

2 2

3 34 4

i symetric gates

Application 1 – transcription factor cooperativity in 
Yeast cell cycle 

RF1

TF1
RF2

TF2

T
All common gene

targets

Regulatory triplets

Target gene 2464

TF 176

Triplet 39,011

Time point 59

AND-like gates Wang, et al., PLoS Computational Biology, 2015 
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Application 2 – transcription factor cooperativity in 
Acute Myeloid Leukemia (AML) 

Target gene 1824 ENCODE Data (K562, ChIP-seq) 
http://encodenets.gersteinlab.org/ 

TF 70

Regulatory 
triplet

50,865 TCGA Data (AML, level 3, RNA-seq) 
https://tcga-data.nci.nih.gov/tcga/
tcgaDownload.jsp 

Patient 
sample

197

Wang, et al., PLoS Computational Biology, 2015 
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Nu
m

be
r o

f g
at

e-
co

ns
ist

en
t t

rip
le

ts

RF1 RF2 Common 
Target 
Gene (T)

Matched
logic gate

ATF3 BDP1 YPEL1 AND

MYC BCL3 BCR T=RF1

ATF3 BRF2 AIF1L AND

… … … …

Human TF-TF-target

0

500

1000

1500

2000

2500A

RF1 RF2 Common 
Target 
Gene (T)

Matched 
logic gate

hsa-mir-29a MYC AIMP2 T=RF2

hsa-mir-15b MYC ABCF1 T=~RF1*RF2

hsa-mir-27a MAX ABCA3 T=~RF1+RF2

… … … …

Human miRNA-TF-target

0

1000

2000

3000

RF1 RF2 Common 
Target 
Gene (T)

Matched
logic gate

CTCF TAL1 ANK1 AND

EGR1 TAL1 BNIP3L T=RF2

TBP EGR1 CPPED1 T=RF2

… … … …

Human distTF-TF-target

T=
0

AN
D

RF
1*

~R
F2 RF

1

~R
F1

*R
F2 RF

2

XO
R

O
R

NO
R

XN
O

R

~R
F2

RF
1+

~R
F2

~R
F1

~R
F1

+R
F2

NA
ND T=

1

0

10

20

30

40

50

60

70C

T=
0

AN
D
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1*

~R
F2 RF

1

~R
F1

*R
F2 RF

2

XO
R

O
R

NO
R

XN
O

R

~R
F2

RF
1+

~R
F2

~R
F1

~R
F1

+R
F2

NA
ND T=

1

RF1TF1 RF2 TF2

T
All common gene targets

RF1

miRNA
RF2

TF

T
All common gene targets

RF1

distTF
RF2

other TF

T
All common gene targets

Application 2 – transcription factor cooperativity in 
Acute Myeloid Leukemia (AML) 
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Wang, et al., PLoS Computational Biology, 2015 

OR-like gates 
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Cancer-related TF, MYC universally amplifies target 
expression 
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Figure 5A

c-Myc Is a Universal Amplifier
of Expressed Genes in Lymphocytes
and Embryonic Stem Cells
Zuqin Nie,1,6 Gangqing Hu,2,6 Gang Wei,2 Kairong Cui,2 Arito Yamane,3 Wolfgang Resch,3 Ruoning Wang,4

Douglas R. Green,4 Lino Tessarollo,5 Rafael Casellas,3 Keji Zhao,2,* and David Levens1,*
1Laboratory of Pathology, NCI, Bethesda, MD, 20892, USA
2Systems Biology Center, NHLBI, Bethesda, MD 20892, USA
3Genomics and Immunity Section, NIAMS, Bethesda, MD 20892, USA
4Department of Immunology, St. Jude Children’s Research Hospital, Memphis, Tennessee 38105, USA
5Neural Development Section, NCI, FNL, Frederick, MD 21702, USA
6These authors contributed equally to this work
*Correspondence: zhaok@nhlbi.nih.gov (K.Z.), levens@helix.nih.gov (D.L.)
http://dx.doi.org/10.1016/j.cell.2012.08.033

SUMMARY

The c-Myc HLH-bZIP protein has been implicated in
physiological or pathological growth, proliferation,
apoptosis, metabolism, and differentiation at the
cellular, tissue, or organismal levels via regulation
of numerous target genes. No principle yet unifies
Myc action due partly to an incomplete inventory
and functional accounting of Myc’s targets. To
observe Myc target expression and function in a
system where Myc is temporally and physiologically
regulated, the transcriptomes and the genome-wide
distributions of Myc, RNA polymerase II, and chro-
matin modifications were compared during lympho-
cyte activation and in ES cells as well. A remarkably
simple rule emerged from this quantitative analysis:
Myc is not an on-off specifier of gene activity, but is
a nonlinear amplifier of expression, acting universally
at active genes, except for immediate early genes
that are strongly induced before Myc. This rule of
Myc action explains the vast majority of Myc biology
observed in literature.

INTRODUCTION

The c-Myc oncogene, identified three decades ago, is associ-
ated with many human cancers (Dang, 2010; Wasylishen and
Penn, 2010). Numerous chromatin and transcription regulating
factors interact with Myc (Cheng et al., 1999; Cowling and
Cole, 2006; Eilers and Eisenman, 2008; Rahl et al., 2010; Wasy-
lishen and Penn, 2010). mRNA expression and DNA-binding
studies, in vitro and in vivo, have nominated an ever increasing
number of genes as Myc targets including a core constituting
a Myc signature (Ji et al., 2011; Margolin et al., 2009; Shaffer
et al., 2006; Wasylishen and Penn, 2010). However, no single
subset of Myc targets accounts for its oncogenic activity (Berns
et al., 2000; Nikiforov et al., 2002); the diversity of Myc targets

between systems, has further confounded the explication of
discrete, linear pathway(s) for Myc-driven neoplasia.
Myc is often associated with cell activation. Typically a pulse

of Myc is induced starting from a very low baseline during
the G0–G1 transition or in response to numerous signals and
stresses (Rabbitts et al., 1985). Thereafter, in steady-state
cycling cells, c-myc output is stably maintained. In some sett-
ings, a second Myc peak ensues 12–24 hr later (Kelly et al.,
1983; Nepveu et al., 1987; Tonini et al., 1987). The relationship
between Myc targets in these primary and secondary peaks
has not been investigated. Although Myc pathology has been
extensively studied in lymphoid neoplasms, including Burkitt
lymphoma, large cell lymphoma,multiple myeloma, and plasma-
cytoma, Myc action in primary lymphocytes, has been less
studied making it difficult to compare the physiological versus
pathological Myc networks. Because most cancer lines or trans-
genic models do not recapitulate the physiologic regulation of
Myc expression (Levens, 2010), we decided to investigate Myc
function in primary lymphocytes by using a mouse line that fuses
endogenousMyc to enhanced green fluorescent protein (EGFP).
TheMyc network was then interrogated in related but physiolog-
ically distinct situations, and the profiles of global gene expres-
sion and of Myc binding to its target genes were examined.
The genome-wide patterns ofMyc recruitment, RNA polymerase
binding and chromatin modifications were overlaid to reveal the
dynamics of Myc upregulation and its relationship to lymphocyte
gene expression. These same genome-wide patterns were
assessed in ES cells to gain insight into the cell-type- and differ-
entiation-specific roles of c-Myc. Putting these data together
revealed that physiologically, Myc is not an on-off specifier of
a particular transcriptional program(s) but is a universal amplifier
of gene expression increasing output at all active promoters.
This rule predicts and explains many features of Myc biology.

RESULTS

A Model to Study Physiological Myc Function
EGFP was homologously recombined with c-myc exon 3 in
mouse ES cells (Figure S1A available online) to provide a tag

68 Cell 151, 68–79, September 28, 2012 ª2012 Elsevier Inc.

High expression of MYC is sufficient 
for high target gene expression 

•  RF1 

•  OR(RF1, RF2) 

•  OR(RF1, NOT RF2) 
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Figure 5A

2,153  (RF1=MYC, RF2=other TFs, 
T=all common targets) triplets 

Wang, et al., PLoS Computational Biology, 2015 
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An Overview of the Data & Some of the Key Analyses of the ENCODE & modENCODE Consortia: 
Interpreting the Transcriptome in terms of the Regulome 
•  Using Logical Gates to 

Interpret RNA-seq 
- Preponderance of OR 

gates in the human network 
v yeast 

- Relation to cancer (myc) 

•  Globally Organizing 
Regulation into a 
Hierarchy 
- Construction: local BFS v 

global simulated annealing 
- Differences between kinase 

& TF hierarchy 
- More logical structure at top 

of hierarchy 

•  HM Models Relating Gene 
Expression to Promoter 
Activity 
- Works for ncRNAs as well as 

genes 
- Universal cross-species model 

uses same set of parameters 
across diverse phyla 

•  Similarly constructed TF 
Models [if time] 
- Variable importance of regions 

around genes for HMs & TFs 
- TF & HM signals are 

redundant for ‘prediction' 
- Surprisingly, a few TFs are 

quite predictive 
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Gene regulatory pathways have logic-
circuit behaviors 

Immunological gene, HIV 

Wang, et al., PLoS Computational Biology, 2015 
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Hierarchy Height Statistic =   
(normalized TF Out deg. – In deg.) 

TF target 

non-TF target 

In-degree = 1 

TF out-degree = 3 

Global Hierarchical 
Structure 

Algorithms for Defining Hierarchical 
Structure 
•  Breadth-first Search 
•  Globally minimize upward edges  
•  Globally maximize hierarchy 

“score” 
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Breadth-first Search (Locally Optimal) 

18
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[Yu et al., PNAS (2006)] 
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Using Simulated Annealing to 
Globally Minimize the Number of 

Upward Pointing Edges 

relocating nodes 

Probing direction is  
an optimization problem 
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[ Gerstein et al. Nature ('12) ] 
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0.4 0.6 0

0 0.84 0.16

0 0.56 0.44

0 0 1

0 1 0

0.46 0.54 0

1 0 0

1 0 0

1 0 0

N1 

N2 

N3 

N4 

N5 

N6 

N7 

N8 

N9 

N10 

L1  L2   L3 

L1 

L2 

L3 

€ 

HS =
Nu + Nh

Nd + Nh

maximize HS 

Definition Simulated annealing  

HSM algorithm 

Probabilistic hierarchy 
network 

Discretized hierarchy 
network 

Hierarchy Score Maximization Algorithm 

€ 

HS =
Nd + Nh

Nu + Nh

[ Cheng et al. Genome Biol. (’15) ] 
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Apply HSM to a toy 
example 
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Example of Path Through  
Regulatory Network 

[Yu et al., PNAS (2006)] 

Expression of MOT3 is 
activated by heme and 
oxygen. Mot3 in turn activates 
the expression of NOT5 and 
GCN4, mid-level hubs. GCN4 
activates two specific bottom-
level TFs, Put3 and Uga3, 
which trigger the expression of 
enzymes in proline and 
nitrogen utilization. 
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Biological 
Insights 

from 
Hierarchy 

in Yeast TF 
Regulatory 

Network 

[ Cheng et al. GenomeBiol. (in press, ’15) ] 



Hierarchical organization of human  
transcriptional regulatory network 

24 [Nature 489: 91] 

TOP 

MIDDLE 

BOTTOM 
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TOP 

MIDDLE 

BOTTOM 

TOP 

MIDDLE 

BOTTOM 

Hierarchical organization of human  
transcriptional regulatory network 

The feature are significantly  
different across levels 

[Nature 489: 91] 
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TOP 

MIDDLE 

BOTTOM 

TOP 

MIDDLE 

BOTTOM 

Hierarchical organization of human  
transcriptional regulatory network 

The feature are significantly  
different across levels 

more influential TFs 
at the top [Nature 489: 91] 
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Logical cooperativity across hierarchical 
layers in gene regulatory network 

Figure S3!
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●

Bo
tto
m

M
id
dl
e

To
p

0.1

0.2

0.3

0.4

0.5

Yeast

Sc
or
e

●

●

●

●

●

●

Bo
tto
m

M
id
dl
e

To
p

0.10

0.15

0.20

0.25

Human

17#

Top#

Middle#

Bo-om#
TF!

…!
…!

…!

The regulations of middle and top TFs more likely 
follow logical operations than the bottom TFs. 

Hierarchical gene regulatory 
network in yeast

C
on

si
st

en
cy

 s
co

re

Wang, et al., PLoS Computational Biology, 2015 
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Putting the 
regulatory 

hierarchy in 
perspective: 

Kinase network 
is more 

hierarchical  
than the TF reg. 

network 

[ Cheng et al. GenomeBiol. (in press, ’15) ] 
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An Overview of the Data & Some of the Key Analyses of the ENCODE & modENCODE Consortia: 
Interpreting the Transcriptome in terms of the Regulome 
•  Using Logical Gates to 

Interpret RNA-seq 
- Preponderance of OR 

gates in the human network 
v yeast 

- Relation to cancer (myc) 

•  Globally Organizing 
Regulation into a 
Hierarchy 
- Construction: local BFS v 

global simulated annealing 
- Differences between kinase 

& TF hierarchy 
- More logical structure at top 

of hierarchy 

•  HM Models Relating Gene 
Expression to Promoter 
Activity 
- Works for ncRNAs as well as 

genes 
- Universal cross-species model 

uses same set of parameters 
across diverse phyla 

•  Similarly constructed TF 
Models [if time] 
- Variable importance of regions 

around genes for HMs & TFs 
- TF & HM signals are 

redundant for ‘prediction' 
- Surprisingly, a few TFs are 

quite predictive 
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Focus on Promoters 

•  Key Questions 
- How do we define the active regions of promoter? 
- For an active promoter, how do we relate it bound TFs, 

its epigenetic marks & its chromatin state to the level of 
transcription? 
- Are these definitions & relationships conserved between 

very different species? 

Active Promoter 

Repressed Promoter 

Histone modifications 

Zhou et al. Nat. Rev. Genetics 2011 
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Inputs v Outputs: 
Upstream Binding/Modification v Expression 

for Worm 

PCC: Pol II, 

0.33; 
H3K4me3, 
0.28  
  

[Nature	
  512:445	
  ('14);	
  	
  doi:	
  10.1038/nature13424]	
  



Histone Modification (HM) model  
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His. mods around TSS & TTS are clearly related to level 
of gene expression, in a position-dependent fashion 

START	
   STOP	
  

Early work in '09/'10  
 
Science 330:6012 
[here] 
 
Also: 
 
Ouyang, Zhou, Wong 
(’09) PNAS;  
 
Karlic et al. & Vingron 
(‘10) PNAS 



Magnitude	
  of	
  
Predic7on	
  

from	
  a	
  “bin”	
  
around	
  the	
  

TSS	
  

Classify	
  H/L	
  genes	
  (SVM)	
  

#Bin1	
  

36	
  

Integrate all histone modifications to predict 
gene expression levels  

 
Predict	
  expression	
  values	
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[E

nc
od

e 
C
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, N
at
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e 

('1
2)

] Human 
ENCODE 
Results 



38	
  

H3K4me1

H3K4me2

H3K4me3

H3K36me3

H4K20me1

H3K27ac

H3K27me3

!"#(*%&"

 

W
or

m

H
um

an

U
ni

ve
rs

al

Fl
y

0%

20%

40%

60%

80%

100%

For Protein-coding 
Genes

Human Worm Fly

H
um

an
Model

H
is

to
ne

 M
od

ifi
ca

tio
ns

 (H
M

)

R
el

at
iv

e 
Im

po
rt

an
ce

Scaled Correlation 
with Expression

A B

Comparison	
  of	
  Models	
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  Gene	
  Expression,	
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 Human, Worm & Fly 

Universal Model is Built 
Simultaneously on Data from 
all 3 Organisms & Predicts 
on all 3 with a Single Set of 
Parameters 

[Nature	
  512:445	
  ('14);	
  	
  doi:	
  10.1038/nature13424]	
  



Performance	
  of	
  
Universal,	
  

cross-­‐organism	
  
Model	
  

	
  
•  works	
  almost	
  as	
  well	
  as	
  species	
  

specific	
  models	
  
•  works	
  for	
  both	
  mRNAs	
  and	
  

ncRNAs	
  
	
  

39	
  

.82 .66 .69

.66 .74 .70

.69 .68 .84

.80 .73 .83

.69 .51 .60

Human FlyWorm

H
u

m
a

n
F

ly
W

o
rm

Prediction Accuracy

for Protein-coding Genes

M
od

el
 Tr

ai
ne

d 
in

of Universal Model

n
c
R

N
A

P
ro

te
in

c
o

d
in

g

Prediction Accuracy

Human	
   Worm	
   Fly	
  

Fl
y	
  

W
or
m
	
  

Hu
m
an
	
  

[Nature	
  512:445	
  ('14);	
  	
  doi:	
  10.1038/nature13424]	
  



4
0
 - 

Le
ct

ur
es

.G
er

st
ei

nL
ab

.o
rg

 

An Overview of the Data & Some of the Key Analyses of the ENCODE & modENCODE Consortia: 
Interpreting the Transcriptome in terms of the Regulome 
•  Using Logical Gates to 

Interpret RNA-seq 
- Preponderance of OR 

gates in the human network 
v yeast 

- Relation to cancer (myc) 

•  Globally Organizing 
Regulation into a 
Hierarchy 
- Construction: local BFS v 

global simulated annealing 
- Differences between kinase 

& TF hierarchy 
- More logical structure at top 

of hierarchy 

•  HM Models Relating Gene 
Expression to Promoter 
Activity 
- Works for ncRNAs as well as 

genes 
- Universal cross-species model 

uses same set of parameters 
across diverse phyla 

•  Similarly constructed TF 
Models [if time] 
- Variable importance of regions 

around genes for HMs & TFs 
- TF & HM signals are 

redundant for ‘prediction' 
- Surprisingly, a few TFs are 

quite predictive 



Doing a Model 
with TFs:  

Positive and 
negative 

regulators 
from 

correlating TF 
signal at TSS 

with gene 
expression 

[Cheng	
  et	
  al.	
  (’11)	
  	
  PLOS	
  CB]	
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Predictor v2:  
2-levels, now 

with TFs 
[Cheng et al. NAR ('11)] 
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Human 
Results 
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Models 
Illuminates 

Different 
Regions of 

Influence for 
TFs vs HMs 

	
  
	
  

0
.0

0
.2

0
.4

0
.6

C
o

rr
e

la
ti
o

n

!

!
!

!

!

!!!!
!!

!!

!
!

!!
!
!
!!

!
!
!

!!

!

!

!

!

!

!

!

!

!

!

!

!

!

!!

!

!

!

!

!

!

!

!

!

!
!

!!!

!

!!

!!
!

!!
!
!!!

!
!!

!!!!!

!
!
!
!
!

!
!
!
!
!

!

!!
!
!
!

!
!
!!

!
!

!
!!

!!
!

!

!

!
!!!

!
!

!
!!!

!

!

!

!

!

!
!!!

!

!
!!

!
!
!!

!
!!

!

!
!

!

!!
!
!
!
!

!

!!!
!
!

!
!
!!

!!

!!!

!

!

!
!
!
!!!

!!!!!

!
!
!

!

!!

!!

!
!
!

!

!
!

!

!
!

!

!

!
!

!
!

!
!!

!
!

!
!

!!!!!
!

!

!
!

!
!!

!
!
!!!!

!!
!!!!

!
!!

!!!

!
!!!

!
!! !!!!

!!!
!
!!

!
!!

!
!
!!!

!
!!

!!!
!

!
!

!
!
!!!!

!
!
!
!

!

!

!!!!

!
!!

!

!!

!
!!

!
!!!

!

!!
!

!
!!

!!!!
!
!
!
!

!!!
!
!
!
!!

!

TF Model

HM Model

TSS TTS!4kb 4kb !4kb 4kb•  Datasets 
–  ChIP-Seq for 12 TFs  

(Chen et al. 2008) 
–  ChIP-Seq for 7 HMs 

(Meissner et al.’08; Mikkelsen et al. 
’07) 

–  RNA-Seq (Cloonan et al. 2008) 
	
   A	
  TF+HM	
  model	
  that	
  

combine	
  TF	
  and	
  HM	
  
features	
  does	
  NOT	
  improve	
  
accuracy!	
  

Cheng	
  et	
  al.	
  2011,	
  Nucleic	
  Acids	
  Res.	
  
44	
  



TF	
  model	
  accuracy	
  only	
  needs	
  a	
  small	
  number	
  of	
  
TFs	
  for	
  high	
  accuracy	
  (>90%)	
  

ED Fig. 7
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An Overview of the Data & Some of the Key Analyses of the ENCODE & modENCODE Consortia: 
Interpreting the Transcriptome in terms of the Regulome 
•  Using Logical Gates to 

Interpret RNA-seq 
- Preponderance of OR 

gates in the human network 
v yeast 

- Relation to cancer (myc) 

•  Globally Organizing 
Regulation into a 
Hierarchy 
- Construction: local BFS v 

global simulated annealing 
- Differences between kinase 

& TF hierarchy 
- More logical structure at top 

of hierarchy 

•  HM Models Relating Gene 
Expression to Promoter 
Activity 
- Works for ncRNAs as well as 

genes 
- Universal cross-species model 

uses same set of parameters 
across diverse phyla 

•  Similarly constructed TF 
Models [if time] 
- Variable importance of regions 

around genes for HMs & TFs 
- TF & HM signals are 

redundant for ‘prediction' 
- Surprisingly, a few TFs are 

quite predictive 
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An Overview of the Data & Some of the Key Analyses of the ENCODE & modENCODE Consortia: 
Interpreting the Transcriptome in terms of the Regulome 
•  Using Logical Gates to 

Interpret RNA-seq 
- Preponderance of OR 

gates in the human network 
v yeast 

- Relation to cancer (myc) 

•  Globally Organizing 
Regulation into a 
Hierarchy 
- Construction: local BFS v 

global simulated annealing 
- Differences between kinase 

& TF hierarchy 
- More logical structure at top 

of hierarchy 

•  HM Models Relating Gene 
Expression to Promoter 
Activity 
- Works for ncRNAs as well as 

genes 
- Universal cross-species model 

uses same set of parameters 
across diverse phyla 

•  Similarly constructed TF 
Models [if time] 
- Variable importance of regions 

around genes for HMs & TFs 
- TF & HM signals are 

redundant for ‘prediction' 
- Surprisingly, a few TFs are 

quite predictive 



Acknowledgements	
  
modENCODE/ENCODE Transcriptome subgroup

Joel Rozowsky, Koon-Kiu Yan, Daifeng Wang,  
Chao Cheng, James B. Brown, Carrie A. Davis, LaDeana Hillier, Cristina Sisu, 
Jingyi Jessica Li, Baikang Pei, Arif O. Harmanci, Michael O. Duff, Sarah Djebali, Roger 
P. Alexander, Burak H. Alver, Raymond K. Auerbach, Kimberly Bell, Peter J. Bickel, Max E. 
Boeck, Nathan P. Boley, Benjamin W. Booth, Lucy Cherbas, Peter Cherbas, Chao Di, Alex 
Dobin, Jorg  Drenkow, Brent Ewing, Gang Fang, Megan Fastuca, Elise A. Feingold, Adam 
Frankish, Guanjun Gao, Peter J. Good, Phil Green, Roderic Guigó, Ann Hammonds, Jen 
Harrow, Roger A. Hoskins, Cédric Howald, Long Hu, Haiyan Huang, Tim J. P. Hubbard, Chau 
Huynh, Sonali Jha, Dionna Kasper, Masaomi Kato, Thomas C. Kaufman, Rob Kitchen, Erik 

Ladewig, Julien Lagarde, Eric Lai, Jing Leng, Zhi Lu, Michael MacCoss, Gemma May, 
Rebecca McWhirter, Gennifer Merrihew, David M. Miller, Ali Mortazavi, Rabi Murad, Brian Oliver, 
Sara Olson, Peter Park, Michael J. Pazin, Norbert Perrimon, Dmitri  Pervouchine, Valerie 
Reinke, Alexandre Reymond, Garrett Robinson, Anastasia Samsonova, Gary I. Saunders, Felix 
Schlesinger, Anurag Sethi, Frank J. Slack, William C. Spencer, Marcus H. Stoiber, Pnina 
Strasbourger, Andrea Tanzer, Owen A. Thompson, Kenneth H. Wan, Guilin Wang, Huaien Wang, 
Kathie L. Watkins, Jiayu Wen, Kejia Wen, Chenghai Xue, Li Yang, Kevin Yip, Chris Zaleski, Yan 

Zhang, Henry Zheng, Steven E. Brenner, Brenton R. Graveley, Susan E. 
Celniker, Thomas R Gingeras, Robert Waterston

Hiring Postdocs. See gersteinlab.org/jobs ! 



4
9
 - 

Le
ct

ur
es

.G
er

st
ei

nL
ab

.o
rg

 

Network 
Acknowledgements 

(11 Main Projects, ~50 
labs, >700 substantial 
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Default Theme 

•  Default Outline Level 1 
-  Level 2 
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TOP 

MIDDLE 

BOTTOM 
more connected TFs 

at the top 

TOP 

MIDDLE 

BOTTOM 

Hierarchical organization of human  
transcriptional regulatory network 

The feature are significantly  
different across levels 

[Nature 489: 91] 
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TOP 

MIDDLE 

BOTTOM 
higher selective pressure 

at the top 

TOP 

MIDDLE 

BOTTOM 

Hierarchical organization of human  
transcriptional regulatory network 

The feature are significantly  
different across levels 

[Nature 489: 91] 
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Info about content in this slide pack 

•  PERMISSIONS: This Presentation is copyright Mark 
Gerstein, Yale University, 2015 (and beyond). Please 
read statement at  
http://www.gersteinlab.org/misc/permissions.html . Feel 
free to use images in the talk with PROPER acknowledgement (via citation to 

relevant papers or link to appropriate place on gersteinlab.org).  
•  Paper references in the talk were mostly from Papers.GersteinLab.org.   
•  PHOTOS & IMAGES. For thoughts on the source and permissions of many of the photos and 

clipped images in this presentation see http://streams.gerstein.info . In particular, many of the 
images have particular EXIF tags, such as  kwpotppt , that can be easily queried from flickr, viz: 
http://www.flickr.com/photos/mbgmbg/tags/kwpotppt  


