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Human Genome Analysis: 
Progressive summarization of large-scale data,  
to interpret mutations & dis-regulation in cancer 

 
Slides freely downloadable from Lectures.GersteinLab.org 

& “tweetable” (via @markgerstein). See last slide for more info. 

Mark Gerstein, Yale 
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Scale
chr2:

GM78 NRSF PCR2 1

GM78 POL2 PCR2 1

GM78 POL24 PCR1 1
GM78 SIX5 PCR1 1
HESC SIX5 PCR1 1

K562 POL24 V101 1

K562 SIX5 PCR1 1
K562 TAF1 V101 1

GM78 ATF3 PCR1 1

GM78 BATF PCR1 1

GM78 BCL1 PCR1 1

GM78 BCL3 V101 1

GM78 BCLA V101 1

GM78 EBF1 PCR1 1

GM78 EGR1 V101 1

FetalPBDE GATA-1 Pk

GM12878 BRCA1_(A300-000A) Pk

GM12878 CHD2_(AB68301) Pk

GM12878 CTCF_(SC-15914) Pk

GM12878 EBF1_(SC-137065) Pk

GM12878 GCN5 Pk

GM12878 IRF3 Pk

GM12878 NF-E2_(SC-22827) Pk

GM12878 Nrf1 Pk

GM12878 p300_(SC-584) Pk

GM12878 c-Myc Pk

GM12878 CTCF Pk

GM12878 Pol2 Pk

H1-hESC c-Myc Pk

H1-hESC CTCF Pk

H1-hESC Pol2 Pk

K562 c-Myc Pk

K562 CTCF Pk

K562 Pol2 Pk

K562 FOS/GFP Pk

K562 GATA2/GFP Pk

K562 HDAC8/GFP Pk

K562 JunB/GFP Pk

K562 JunD/GFP Pk

K562 NR4A1/GFP Pk

GM12878 CTCF Ht 1
GM12878 CTCF Pk 1

GM12878 CTCF Ht 2
GM12878 CTCF Pk 2

K562 CTCF Ht 1
K562 CTCF Pk 1

K562 CTCF Ht 2
K562 CTCF Pk 2

100 kb
191700000 191750000 191800000 191850000 191900000 191950000 192000000 192050000

ENCODE Gencode Manual Gene Annotations (level 1+2) (Oct 2009)

ENCODE Gencode Automated Gene Annotations (level 3) (Oct 2009)

UCSC Genes Based on RefSeq, UniProt, GenBank, CCDS and Comparative Genomics

ENCODE Transcription Factor Binding Sites by ChIP-seq from Stanford/Yale/UC-Davis/Harvard

ENCODE Transcription Factor Binding Sites by ChIP-seq from HudsonAlpha Institute

ENCODE Transcription Factor Binding Sites by ChIP-seq from Stanford/Yale/UC-Davis/Harvard

Open Chromatin TFBS by ChIP-seq from ENCODE/Open Chrom(UT Austin)

Transcription Factor Binding Sites by Epitope-Tag ChIP-seq from ENCODE/University of Chicago

CTCF Binding Sites by ChIP-seq from ENCODE/University of Washington

GLS
GLS
GLS

GLS
GLS

KIAA0838

GLS
STAT1

STAT1

STAT1
STAT1

STAT1

STAT4

STAT4

STAT4
STAT4

STAT4

STAT4
STAT4

STAT4
STAT4

GM12878 Pol2 Sig
GM12878 Pol2 Sig

GM78 NRSF PCR2 1

GM78 POL2 PCR2 1

HESC SIX5 PCR1 1

K562 POL24 V101 1

K562 TAF1 V101 1

GM78 ATF3 PCR1 1

GM78 BATF PCR1 1

GM78 BCL1 PCR1 1

GM78 BCL3 V101 1

GM78 BCLA V101 1

GM78 EBF1 PCR1 1

FetalPBDE GATA-1 Sig
PBDE Input Sig

GM10847 NFKB Sig
GM10847 Pol2 Sig
GM10847 Input Sig
GM10847 Input Sig

GM12878 BRCA1_(A300-000A) Sig

GM12878 CHD2_(AB68301) Sig

GM12878 CTCF_(SC-15914) Sig

GM12878 EBF1_(SC-137065) Sig

GM12878 GCN5 Sig

GM12878 IRF3 Sig
GM12878 JunD Sig
GM12878 Max Sig

GM12878 NF-E2_(SC-22827) Sig
GM12878 NFKB Sig

GM12878 Nrf1 Sig

GM12878 p300_(SC-584) Sig

GM12878 c-Myc DS
GM12878 c-Myc OS

GM12878 CTCF DS
GM12878 CTCF OS

GM12878 Pol2 DS
GM12878 Pol2 OS
GM12878 Input DS

H1-hESC c-Myc DS
H1-hESC c-Myc OS

H1-hESC CTCF DS
H1-hESC CTCF OS

H1-hESC Pol2 DS
H1-hESC Pol2 OS

K562 c-Myc DS
K562 c-Myc OS

K562 CTCF DS
K562 CTCF OS

K562 Pol2 DS
K562 Pol2 OS
K562 Input DS

K562 FOS/GFP Sg

K562 GATA2/GFP Sg

K562 HDAC8/GFP Sg

K562 JunB/GFP Sg

K562 JunD/GFP Sg

K562 NR4A1/GFP Sg

GM12878 CTCF Sg 1

GM12878 CTCF Sg 2
GM12878 Inp Sg 1

K562 CTCF Sg 1

K562 CTCF Sg 2
K562 Inp Sg 1

Organizing Genomic "Big 
Data" through a Hierarchy 

of Progressive 
Summarization  

•  Raw data (reads)  
at bottom 

•  Progressive Processed Summaries  
-  Signals  
-  Site locations 
-  Networks, states & models  

•  At top are linked publications 
documenting everything, forming 
metadata for the summaries 

•  Using the summary to interpret a 
new dataset 

[Nature 489: 208] 
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Human Genome Analysis: 
Progressive summarization of large-scale data,  
to interpret mutations & dis-regulation in cancer  

•  Summarizing Large-scale Genomic Information 
- 1st Level Linear Annotation: Regulatory Sites 

•  Multi-scale "site" calling (with Music) 
•  Finding small number of sites particularly sensitive to mutations 

- 2nd Level Network Annotation 
•  Building a network from the linear annotation 
•  More connectivity = more constraint => highlights hubs 

•  Using Summaries to Interpret Alterations in Cancer 
- FunSeq software tool for mutation prioritization 

•  Systematically weighting all the features, for non-coding prioritization 
•  Summarizing large data context into simple "Core Score File” 

- Loregic: Logic-gate analysis of regulation 
•  Recasting the regulatory network as a collection of gates  
•  Different gate structure in cancer, dominated by particular driver TFs  



Summarizing	
  the	
  Signal:	
  	
  
"Tradi3onal"	
  ChipSeq	
  Peak	
  Calling	
  

Threshold	
  

•  Generate	
  &	
  threshold	
  the	
  signal	
  
profile	
  to	
  iden3fy	
  candidate	
  
target	
  regions	
  

–  Simula3on	
  (PeakSeq),	
  	
  
–  Local	
  window	
  based	
  Poisson	
  (MACS),	
  	
  
–  Fold	
  change	
  sta3s3cs	
  (SPP)	
  

•  Score	
  against	
  the	
  control	
  

Poten3al	
  Targets	
  

Significantly	
  Enriched	
  targets	
  

Normalized	
  Control	
  

ChIP	
  

Now	
  an	
  update:	
  "PeakSeq	
  2"	
  =>	
  MUSIC	
  
[Rozowsky	
  et	
  al.	
  ('09)	
  Nat	
  Biotech]	
  	
  



Mul3scale	
  Analysis,	
  Minima/Maxima	
  based	
  
Coarse	
  Segmenta3on	
  

•  Mul3scale	
  analysis	
  is	
  a	
  natural	
  way	
  to	
  analyze	
  
the	
  ChIP-­‐Seq	
  data	
  

5	
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Mul3-­‐mappability	
  based	
  Correc3on	
  
•  Low	
  mappability	
  regions	
  cause	
  loss	
  of	
  signal	
  and	
  introduce	
  burst-­‐like	
  noise	
  
•  To	
  characterize	
  the	
  mappability	
  of	
  the	
  genome,	
  we	
  build	
  the	
  mul.-­‐mappability	
  

profile	
  
–  High	
  mul3-­‐mappability	
  signal	
  ↔	
  Low	
  mappability	
  

•  Correc3on	
  Procedure:	
  	
  
–  “Whenever	
  there	
  is	
  a	
  lowly	
  mappable	
  posi3on,	
  use	
  the	
  surrounding	
  regions	
  with	
  high	
  

mappability	
  to	
  correct	
  the	
  value”	
  	
  

Mul.-­‐mappability	
  

H3K36me3	
  

Corrected	
  

6	
  

Loss	
  of	
  read	
  depth	
  signal	
  due	
  to	
  low	
  mappability	
  

[Harmanci	
  et	
  al,	
  Genome	
  Biol.	
  ('14).	
  MUSIC.gersteinlab.org]	
  



MUSIC.gersteinlab.org	
  	
  
Algorithm	
  

7	
  
[Harmanci	
  et	
  al,	
  Genome	
  Biol.	
  ('14)]	
  



Mul3scale	
  Decomposi3on	
  
In
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20kb	
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[Harmanci	
  et	
  al,	
  Genome	
  Biol.	
  ('14)]	
  



Mul3scale	
  Decomposi3on	
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20kb	
  
Very	
  

Punctate	
  
ER	
  

Broad	
  
ER	
  

Broader	
  
ER	
  

Very	
  Broad	
  
ER	
  

Punctate	
  
ER	
  

9	
  
[Harmanci	
  et	
  al,	
  Genome	
  Biol.	
  ('14)]	
  



Stalled	
  
(Punctate-­‐Low)	
  

Elonga3ng	
  
(Broad-­‐High)	
  

Pol2	
  Scale	
  Spectrum	
  over	
  Protein	
  Coding	
  
Genes	
  Reveal	
  Different	
  Paherns	
  of	
  Gene	
  

Ac3vity	
  

[Harmanci	
  et	
  al,	
  Genome	
  Biol.	
  ('14)]	
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Finding "Conserved" Sites: 
 Negative selection in non-coding elements 
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•  Broad categories 
of regulatory 

regions under 
negative selection 

•  Consistent with 
previous studies 

         
ENCODE, Nature, 2012 

Ward & Kellis, Science, 2012 
Mu et al, NAR, 2011 

 

(Non-­‐coding	
  RNA)	
  

(DNase	
  I	
  
hypersensi3ve	
  

sites)	
  

(Transcrip3on	
  
factor	
  binding	
  

sites)	
  

(TFSS:	
  Sequence-­‐
specific	
  TFs)	
  

[Khurana et al., Science (‘13)] 
DepleFon	
  of	
  Common	
  Variants	
  	
  

in	
  the	
  Human	
  PopulaFon	
  



Differential selective constraints among sub-
categories 

[Khurana et al., Science (‘13)] 



Can we identify which non-coding elements are 
under very strong “coding-like” selection ? 

q  Start	
  677	
  high-­‐resolu3on	
  non-­‐
coding	
  categories;	
  Rank	
  &	
  find	
  
those	
  under	
  strongest	
  selec3on	
  

~0.4%	
  genomic	
  coverage	
  	
  (~	
  top	
  25)	
  

~0.02%	
  genomic	
  coverage	
  (top	
  5)	
  

[Khurana et al., Science (‘13)] 
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Human Genome Analysis: 
Progressive summarization of large-scale data,  
to interpret mutations & dis-regulation in cancer  

•  Summarizing Large-scale Genomic Information 
- 1st Level Linear Annotation: Regulatory Sites 

•  Multi-scale "site" calling (with Music) 
•  Finding small number of sites particularly sensitive to mutations 

- 2nd Level Network Annotation 
•  Building a network from the linear annotation 
•  More connectivity = more constraint => highlights hubs 

•  Using Summaries to Interpret Alterations in Cancer 
- FunSeq software tool for mutation prioritization 

•  Systematically weighting all the features, for non-coding prioritization 
•  Summarizing large data context into simple "Core Score File” 

- Loregic: Logic-gate analysis of regulation 
•  Recasting the regulatory network as a collection of gates  
•  Different gate structure in cancer, dominated by particular driver TFs  
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Relating Non-coding Annotation to Networks & Protein-coding Genes 

Regulatory elements 
 

~500K 
Edges 

~26K Edges; ~ 
5K per cell line 

Potential 
Distal  
Edge 

Proximal  
Edge 

[ Cheng et al., Bioinfo. ('11);  
Gerstein et al. Nature (in press, '12) ;  
Yip et al., GenomeBiology (in press, '12)] 

TF 

TF 

Assigning proximal sites to target genes 

Assigning distal sites to targets 
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  of	
  nodes	
  scaled	
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total	
  degree	
  

Essen3al	
  
LoF-­‐

tolerant	
  

[Khurana et al., PLOS Comp. Bio. ’13] 

Essen3al	
  genes	
  
are	
  

	
  Connected	
  to	
  
more	
  genes	
  

Z Gumus 
iCAVE movie 

Hubs	
  are	
  
conserved	
  

(More	
  Connec3vity	
  =	
  
More	
  Constraint)	
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Human Genome Analysis: 
Progressive summarization of large-scale data  

to interpret mutations & dis-regulation in cancer  

•  Summarizing Large-scale Genomic Information 
- 1st Level Linear Annotation: Regulatory Sites 

•  Multi-scale "site" calling (with Music) 
•  Finding small number of sites particularly sensitive to mutations 

- 2nd Level Network Annotation 
•  Building a network from the linear annotation 
•  More connectivity = more constraint => highlights hubs 

•  Using Summaries to Interpret Alterations in Cancer 
- FunSeq software tool for mutation prioritization 

•  Systematically weighting all the features, for non-coding prioritization 
•  Summarizing large data context into simple "Core Score File” 

- Loregic: Logic-gate analysis of regulation 
•  Recasting the regulatory network as a collection of gates  
•  Different gate structure in cancer, dominated by particular driver TFs  



Where	
  is	
  Waldo?	
  
(Finding	
  the	
  key	
  muta3ons	
  in	
  ~3M	
  Germline	
  variants	
  &	
  	
  

~5K	
  Soma3c	
  Variants	
  in	
  a	
  Tumor	
  Sample)	
  

18	
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Identification of non-coding candidate drivers 
amongst somatic variants: Scheme 

[Khurana et al., Science (‘13)] 



Flowchart	
  for	
  1	
  Prostate	
  Cancer	
  Genome	
  
(from	
  Berger	
  et	
  al.	
  '11)	
  

[K
hu

ra
na

 e
t a

l.,
 S

ci
en

ce
 (‘

13
)] 



FunSeq.gersteinlab.org	
  

21	
  
[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  

Site	
  integrates	
  
user	
  variants	
  
with	
  large-­‐scale	
  
context	
  	
  



Data	
  context	
  

22	
  
[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  

~10	
  GB	
  
(public)	
  

~10TB	
  	
  
input	
  data	
  

Summar-­‐
ized	
  Data	
  



[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  

Data	
  Context	
  (~10Gb,	
  public)	
  

Compute	
  variant	
  
priori3za3on	
  for	
  
every	
  possible	
  
subs3tu3on	
  in	
  the	
  
genome	
  	
  
(3	
  subs	
  *	
  3	
  Gb).	
  	
  	
  
Not	
  specific	
  to	
  any	
  
study	
  (or	
  cancer)	
  &	
  
not	
  private	
  	
  	
  	
  	
  

User	
  
Variants	
  
(small,	
  
~5000	
  &	
  
pot.	
  
private)	
  

"Core	
  Score	
  File"	
  



[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  

"Core	
  Score	
  File"	
  

Weighted	
  scoring	
  scheme	
  	
  



§  Feature	
  weight	
  	
  	
  
	
  	
  	
  	
  -­‐	
  Weighted	
  with	
  muta3on	
  paherns	
  in	
  natural	
  polymorphisms	
  

	
  (features	
  frequently	
  observed	
  weight	
  less)	
  
	
  	
  	
  	
  -­‐	
  entropy	
  based	
  method	
  
	
  
	
  

HOT	
  region	
  

Sensi3ve	
  region	
  

Polymorphisms	
  

25	
  

Genome	
  

[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  



§  Feature	
  weight	
  	
  	
  
	
  	
  	
  	
  -­‐	
  Weighted	
  with	
  muta3on	
  paherns	
  in	
  natural	
  polymorphisms	
  

	
  (features	
  frequently	
  observed	
  weight	
  less)	
  
	
  	
  	
  	
  -­‐	
  entropy	
  based	
  method	
  
	
  
	
  

HOT	
  region	
  

Sensi3ve	
  region	
  

Polymorphisms	
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Genome	
  

p = 3
20

[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  



§  Feature	
  weight	
  	
  	
  
	
  	
  	
  	
  -­‐	
  Weighted	
  with	
  muta3on	
  paherns	
  in	
  natural	
  polymorphisms	
  

	
  (features	
  frequently	
  observed	
  weight	
  less)	
  
	
  	
  	
  	
  -­‐	
  entropy	
  based	
  method	
  
	
  
	
  

HOT	
  region	
  

Sensi3ve	
  region	
  

Polymorphisms	
  

!! = 1+ !!!"#!!! + 1− !! !"#! 1− !! !
!
!

!
!"#$%! = ! !!!!!!!"!!"#$%&$'!!"#$%&"'!

	
  p	
  =	
  probability	
  of	
  the	
  feature	
  overlapping	
  natural	
  polymorphisms	
  

Feature	
  weight:	
  	
  

For	
  a	
  variant:	
  	
  

wdp

27	
  

Genome	
  

[Fu	
  et	
  al.,	
  GenomeBiology	
  ('14)]	
  

p = 3
20
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Human Genome Analysis: 
Progressive summarization of large-scale data  

to interpret mutations & dis-regulation in cancer  

•  Summarizing Large-scale Genomic Information 
- 1st Level Linear Annotation: Regulatory Sites 

•  Multi-scale "site" calling (with Music) 
•  Finding small number of sites particularly sensitive to mutations 

- 2nd Level Network Annotation 
•  Building a network from the linear annotation 
•  More connectivity = more constraint => highlights hubs 

•  Using Summaries to Interpret Alterations in Cancer 
- FunSeq software tool for mutation prioritization 

•  Systematically weighting all the features, for non-coding prioritization 
•  Summarizing large data context into simple "Core Score File” 

- Loregic: Logic-gate analysis of regulation 
•  Recasting the regulatory network as a collection of gates  
•  Different gate structure in cancer, dominated by particular driver TFs  



S L I D E  29 

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

R	
  package:	
  github.com/
gersteinlab/loregic	
  

Wang, et al., PLoS Computational Biology, 2015 



S L I D E  30 

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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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
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D
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RF1

miRNA
RF2
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T
All common gene targets

RF1

distTF
RF2

other TF

T
All common gene targets

Application – transcription factor cooperativity in 
Acute Myeloid Leukemia (AML) 

Target gene 1824

TF (ENCODE) 70

Triplet 50,865

Patient (TCGA) 197
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Wang, et al., PLoS Computational Biology, 2015 
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Cancer-related TF, MYC universally amplifies target 
expression 

T
=

0

A
N

D

R
F

1
*
~

R
F

2

R
F

1

~
R

F
1
*
R

F
2

R
F

2

X
O

R

O
R

N
O

R

X
N

O
R

~
R

F
2

R
F

1
+

~
R

F
2

~
R

F
1

~
R

F
1
+

R
F

2

N
A

N
D

T
=

1

N
u
m

b
e
r 

o
f 
c
o
n
s
is

te
n
t 
lo

g
ic

 g
a
te

s
 

0

50

100

150

200

0.0

2.6

5.2

7.8

10.4

13.0

15.6

18.2

20.8

23.4

26.0

-l
o
g
  
(p

) 
h
y
p
e
rg

e
o
m

e
tr

ic
 t
e
s
t

1
0

RF1

MYC

RF2

other human

TF

T
All common gene 

targets

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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2,153  (RF1=MYC, RF2=other TFs, 
T=all common targets) triplets 
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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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Human Genome Analysis: 
Progressive summarization of large-scale data,  
to interpret mutations & dis-regulation in cancer  

•  Summarizing Large-scale Genomic Information 
- 1st Level Linear Annotation: Regulatory Sites 

•  Multi-scale "site" calling (with Music) 
•  Finding small number of sites particularly sensitive to mutations 

- 2nd Level Network Annotation 
•  Building a network from the linear annotation 
•  More connectivity = more constraint => highlights hubs 

•  Using Summaries to Interpret Alterations in Cancer 
- FunSeq software tool for mutation prioritization 

•  Systematically weighting all the features, for non-coding prioritization 
•  Summarizing large data context into simple "Core Score File” 

- Loregic: Logic-gate analysis of regulation 
•  Recasting the regulatory network as a collection of gates  
•  Different gate structure in cancer, dominated by particular driver TFs  
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Cancer	
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Info about content in this slide pack 
•  General PERMISSIONS 
- This Presentation is copyright Mark Gerstein,  

Yale University, 2014.  
- Please read permissions statement at  

http://www.gersteinlab.org/misc/permissions.html . 
-  Feel free to use slides & images in the talk with PROPER acknowledgement  

(via citation to relevant papers or link to gersteinlab.org).  
-  Paper references in the talk were mostly from Papers.GersteinLab.org.  

 
•  For SeqUniverse slide, please contact Heidi Sofia, NHGRI 
 
•  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  
 



MUSIC	
  makes	
  music	
  
•  -­‐get_mul3scale_music:	
  Generates	
  a	
  .wav	
  file	
  
using	
  the	
  aggregate	
  mul3scale	
  decomposi3on	
  

•  Listen	
  to	
  K562	
  H3K36me3	
  chromosome	
  1:	
  
hhp://archive.gersteinlab.org/proj/MUSIC/
music/H3K36me3.mp3	
  
–  Telomeres	
  are	
  vocal,	
  centromeres	
  (46:00-­‐53:00)	
  are	
  
silent	
  

•  Listen	
  K562	
  H3K4me3	
  chromosome	
  1:	
  
hhp://archive.gersteinlab.org/proj/MUSIC/
music/H3K4me3.mp3	
  
– More	
  “clicky”	
  than	
  H3K36me3	
  with	
  more	
  punctate	
  
enriched	
  regions	
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