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Cells	Must	Regulate	Internal	Processes	

•  Metabolic	processing		
•  Cell	cycle	func<ons		

– Growth		
– DNA	replica<on/repair		
– Mitosis		
–  Prepara<on	phases		

•  These	require	careful	control	of	gene	expression	
–  Expression	level		
–  Timing		
–  Coordina<on	



Cells	Must	Adapt	To	Their	
Environment		

•  GeIng	nutri<on	supply		
•  Response	for	signals	
•  Response	for	stress	



Regula<ng	Transcrip<on	Is	A	Key	
Construct	

•  Transcrip<on	factors	(TF)	regulate	
transcrip<on		
– Promoters	control	transcrip<on	ini<a<on	(cis-
regula<on)		

– Enhancers	control	transcrip<on	from	afar	(trans-
regula<on)		

•  Most	genes	are	involved	in	regula<on	
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INCREASED		TRANSCRIPTION	

Fig	2.2	(b)	An	ac<vator	X,	is	a	transcrip<on-	factor	protein	that	increases	the	rate	of	mRNA	transcrip<on	when	it	binds	the	promoter.	The	
ac<vator	transits	rapidly	between	ac<ve	and	inac<ve	forms.	In	its	ac<ve	form,	it	has	a	high	affinity	to	a	specific	site	(or	sites)	on	the	promoter.	
The	signal	Sx	increases	the	probability	that	X	is	in	its	ac<ve	form	X*.	Thus,	X*	binds	the	promoter	of	gene	Y	to	increase	transcrip<on	and	
produc<on	of	protein	Y.	The	<mescales	are	typically	sub-second	for	transi<ons	between	X	and	X*,	seconds	for	binding/	unbinding		of	X	to	the	
promoter,	minutes	for	transcrip<on	and	transla<on	of	the	protein	product,	and	tens	of	minutes	for	the	accumula<on	of	the	protein,	
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Fig	2.2c	A	repressor	X,	is	a	transcrip<on-	factor	protein	that	decreases		mRNA	transcrip<on	when		
it	binds	the	promoter.	The	signal	Sx	increases	the	probability	that	X	is	in	its	ac<ve	form	X*.	
	X*	binds	a	specific	site	in	the	promoter	of	gene	Y	to	decrease		transcrip<on	and	produc<on	of	protein	Y.	
Many	genes	show	a	weak	(basal)	transcrip<on	when	repressor	is	bound.	
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Architecture	Of	Cis-Regula<on	
Yuh	et	al.	Science	(1998)	279:	1896-1902	



Regulatory	Network	

Cell	can	be	represented	as	a	regulatory	network	



The	Cell	as	a	regulatory	network	



Key	ques<ons	

•  How	to	discover	TFs/Binding	sites	(mo<fs)?	
(with	DNA	sequences)		

•  	How	to	discover	regulatory	network	
pathways?	(with	expression	profiles)	



Regulatory	Regions	
•  Every	gene	contains	a	regulatory	region	(RR)	typically	

stretching	100-1000	bp	upstream	of	the	transcrip<onal	start	
site	

•  Located	within	the	RR	are	the	Transcrip)on	Factor	Binding	
Sites	(TFBS),	also	known	as	mo)fs,	specific	for	a	given	
transcrip<on	factor	

	
•  TFs	influence	gene	expression	by	binding	to	a	specific	loca<on	

in	the	respec<ve	gene’s	regulatory	region		-	TFBS		

•  So	finding	the	same	mo<f	in	mul<ple	genes’	regulatory	
regions	suggests	a	regulatory	rela<onship	among	those	genes.	

•  Note	that	the	same	mo<f	is	not	necessary	to	be	the	iden<cal	
sequences.	

		



Mo<fs	and	Transcrip<onal	Start	Sites	
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gene	ATCCCG 

gene	ATGCCG 

gene	ATGCCC 



•  Visualizing	Mo<fs	
– Mo<f	“Informa<on”	

Mo<f	visualiza<on	



Mo<f	Logo	

•  Mo<fs	can	mutate	on	non	
important	bases		

•  The	five	mo<fs	in	five	
different	genes	have	
muta<ons	in	posi<on	3	
and	5	

•  Representa<ons	called	
mo#f	logos	illustrate	the	
conserved	and	variable	
regions	of	a	mo<f	
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TGGGGGA 
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Visualizing	Mo<fs	–	Mo<f	Logos	
Represent	both	base	frequency	and	conserva<on	at	each	posi<on	

Height	of	leler	propor<onal	
to	frequency	of	base	at	that	posi<on	

Height	of	stack	propor<onal	
to	conserva<on	at	that	posi<on	
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Online	Logo	Genera<on	

hlp://weblogo.berkeley.edu/	 hlp://biodev.hgen.pil.edu/cgi-bin/enologos/enologos.cgi	



Iden<fying	Mo<fs	
	

•  Regulatory	protein	(TF)	binds	to	a	short	DNA	
sequence	called	a	mo<f	(TFBS)	

•  So	finding	the	same	mo<f	in	mul<ple	genes’	
regulatory	regions	suggests	a	regulatory	
rela<onship	amongst	those	genes.	

•  Note	that	the	same	mo<f	is	not	necessary	to	be	
the	iden<cal	sequences.	



Recent	Direc<ons	

•  Experimental	Data		
– ChIP-chip		
– ChIP-seq	

•  Mo<f	iden<fica<on	with	bioinforma<c	
approaches	

	



Bioinformatics 

ChIP-seq	
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Peaks for TF binding sites 
--Strand-specific 
profiles at enriched 
sites 
 
 
 
the fragments are sequenced at the 5' 
end, and the locations of mapped reads 
should form two distributions, one on 
the positive strand and the other on the 
negative strand, with a consistent 
distance between the peaks of the 
distributions. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Nat Rev Genet. 2009 Oct;10(10):669-80. 



Recent	Direc<ons	

•  Experimental	Data		
– ChIP-chip		
– ChIP-seq	

•  Mo<f	iden<fica<on	with	bioinforma<c	
approaches	

	



Difficul<es	for	bioinforma<c	approaches	

•  We	do	not	know	the	mo<f	sequence.	

•  We	do	not	know	where	it	is	located	rela<ve	to	
the	genes	start.	

•  Mo<f	sequences	can	differ	slightly	from	one	
gene	to	the	next.	

•  How	to	discern	it	from	“random”	mo<fs?	



The	Mo<f	Finding	Problem	
•  Given	a	random	sample	of	DNA	sequences:	
	

cctgatagacgctatctggctatccacgtacgtaggtcctctgtgcgaatctatgcgtttccaaccat 
 
agtactggtgtacatttgatacgtacgtacaccggcaacctgaaacaaacgctcagaaccagaagtgc 
 
aaacgtacgtgcaccctctttcttcgtggctctggccaacgagggctgatgtataagacgaaaatttt 
 
agcctccgatgtaagtcatagctgtaactattacctgccacccctattacatcttacgtacgtataca 
 
ctgttatacaacgcgtcatggcggggtatgcgttttggtcgtcgtacgctcgatcgttaacgtacgtc 
 

•  Find	the	palern	that	is	implanted	in	each	of	the	
individual	sequences,	namely,	the	mo<f	



Iden<fying	TFBS	

•  Knowledge-based	methods	
– Probabilis<c	Model	

•  Ab	init	methods	
– Gibbs	sampling	
– MEME	

•  Evolu<on	approach	



•  Modeling	Mo<fs	(learning	procedure)	
–  How	to	computa<onally	represent	mo<fs	

•  Predic<ng	Mo<f	Instances	
–  Using	the	model	to	classify	new	sequences	

Essen<al	Tasks	



Parameterizing	the	Mo<f	Model	
Given	mul<ple	sequences	and	mo<f	loca<ons	
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Add	pseudocounts	



Finding	Known	Mo<fs	
Given	mul<ple	sequences	and	mo<f	model	but	no	mo<f	loca#ons	

x	

x	

x	

x	
P(Seqwindow|Mo<f)	

window 

Calculate	P(Seqwindow|Mo<f)	for	every	star<ng	loca<on	

Choose	best	star<ng	loca<on	in	each	sequence	



Probabilis<c	Model	
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Probabilis<c	Model:	step	1	

Posi<on	Frequency	
Matrix	(PFM)	

1	 K	 Count	frequencies	

A	 0	 0	 2	 7	 0	 0	

C	 4	 6	 4	 1	 0	 0	

G	 0	 0	 0	 0	 0	 1	

T	 4	 2	 2	 0	 8	 7	



Probabilis<c	Model:	step	2	

Posi<on	Frequency	
Matrix	(PFM)	

A	 0	 0	 2	 7	 0	 0	

C	 4	 6	 4	 1	 0	 0	

G	 0	 0	 0	 0	 0	 1	

T	 4	 2	 2	 0	 8	 7	

A	 0	 0	 0.25	 0.875	 0	 0	

C	 0.5	 0.75	 0.5	 0.125	 0	 0	

G	 0	 0	 0	 0	 0	 0.125	

T	 0.5	 0.25	 0.25	 0	 1	 0.875	Pk(S|M)	



Scoring	A	Sequence	
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To	score	a	sequence,	we	compare	to	a	null	model	
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Probabilis<c	Model:	step	3	

Posi<on	
Frequency	

Matrix	(PFM)	
A	 Log(0/0.25+0.0

1)	 0	 0	 0.544	 -2	 -2	

C	 Log(0.5/0.25)	 0.477	 0.301	 -0.301	 -2	 -2	

G	 -2	 -2	 -2	 -2	 -2	 -.0301	

T	 0.301	 0	 0	 -2	 0.602	 0.544	

Posi<on	Weight	
Matrix	(PWM)	

A	 0	 0	 0.25	 0.875	 0	 0	

C	 0.5	 0.75	 0.5	 0.125	 0	 0	

G	 0	 0	 0	 0	 0	 0.125	

T	 0.5	 0.25	 0.25	 0	 1	 0.875	



Scoring	a	Sequence	

MacIsaac	&	Fraenkel	(2006)	PLoS	Comp	Bio	

Common	threshold	=	60%	of	maximum	score	

A	 -2	 0	 0	 0.544	 -2	 -2	

C	 0.301	 0.477	 0.301	 -0.301	 -2	 -2	

G	 -2	 -2	 -2	 -2	 -2	 -.0301	

T	 0.301	 0	 0	 -2	 0.602	 0.544	

0.301+(-2)+0.301+(-2)+0.602+0.544=-2.252	



Databases	
TRANSFAC:	hlp://www.gene-regula<on.com/pub/databases.html#transfac	

Binding	Sites	



	
More	

Databases	

Species-specific:	
SCPD	(yeast)	hlp://rulai.cshl.edu/SCPD/	

DPInteract	(e.	coli)	hlp://arep.med.harvard.edu/dpinteract/	

Drosophila	DNase	I	Footprint	Database	(v2.0)	hlp://www.flyreg.org/	

	

	 		

hlp://jaspar.genereg.net/	



Iden<fying	TFBS	

•  Knowledge-based	methods	
– Consensus	sequences	
– Probabilis<c	Model	

•  Ab	init	methods	(find	new	mo<fs)	
– MEME	
– Gibbs	sampling	

•  Evolu<on	approach	



Discovering	Mo<fs	

• Given	a	set	of	co-regulated	genes,	we	need	to	discover	
with	only	sequences	

• We	have	neither	a	mo#f	model	nor	mo#f	loca#ons	Need	to	
discover	both	

• How	can	we	approach	this	problem?	(Hint:	start	with	a	
random	mo<f	model)	

	



Expecta<on-Maximiza<on	(EM)	Algorithm	
•  MEME	

– Missing	data	problem:	Expecta<on-Maximiza<on	(EM)	
Algorithm	to	obtain	maximum	likelihood	es<mates	

•  EM	Algorithm	
Ini<aliza<on:	Set	frequency	matrix	p	and	p0		
Itera<ons:	
–  E-step:	Calculate	probability	of	mo<f	start-posi<ons	

For each sequence k and position j  
  Wkj= Pr(motif start-position = j | p) 

–  M-step:	Update	frequency	matrix	es<mate	

1( , 1 )
ˆ ( ) ,

kj
k j

W sequence k position j i b
p b bi N

+ − =

= =
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A,C,G,T



A	Promoter	Model	
Length	K	

Mo<f	

The	same	mo<f	model	in	all	promoters	
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MEME	

hlp://meme.sdsc.edu/meme/	

•  MEME	-	implements	
EM	for	mo<f	
discovery	in	DNA	and	
proteins	

•  MAST	–	search	
sequences	for	mo<fs	
given	a	model	



MEME	Output	



Gibbs	Mo<f	Sampling	
•  Gibbs	Mo<f	Sampler	

–  Bayesian	model,	prior	distribu<on	
•  Algorithm	(Markov	Chain	Monte	Carlo	(MCMC)	and	Gibbs	

sampling)	
Ini<aliza<on:	Randomly	select	mo<f	start-posi<ons	in	each	
sequence	

Itera<ons:	
Remove	randomly	selected	sequence	k’ 
•  Update	frequency	matrix	
•  Randomly	select	a	mo<f	start-posi<on	j for	k’ propor<onal	
to:	

	 	 	 		
	

	
	

1

0 1

( )Probability under motif model
Probability under background model ( )

k
i j i

k
i j i

p b
p b

+ −

+ −

=∏



Gibbs	Mo<f	Sampler	
hlp://bayesweb.wadsworth.org/gibbs/gibbs.html	



AlignACE	

hlp://atlas.med.harvard.edu/cgi-bin/alignace.pl	

•  Implements	Gibbs	sampling	
for	mo'f	discovery	
–  Several	enhancements	

•  ScanAce	–	look	for	mo'fs	in	
a	sequence	given	a	model	

•  CompareAce	–	calculate	
“similarity”	between	two	
mo'fs	(i.e.	for	clustering	
mo'fs)	



Iden<fying	TFBS	

•  Knowledge-based	methods	
– Consensus	sequences	
– Probabilis<c	Model	

•  Ab	init	methods	
– MEME	
– Gibbs	sampling	

•  Evolu<on	approach	
	



Kellis	et	al.	(2003)	Nature	



        Scer   TTATATTGAATTTTCAAAAATTCTTACTTTTTTTTTGGATGGACGCAAAGAAGTTTAATAATCATATTACATGGCATTACCACCATATACA 
         Spar   CTATGTTGATCTTTTCAGAATTTTT-CACTATATTAAGATGGGTGCAAAGAAGTGTGATTATTATATTACATCGCTTTCCTATCATACACA 
         Smik   GTATATTGAATTTTTCAGTTTTTTTTCACTATCTTCAAGGTTATGTAAAAAA-TGTCAAGATAATATTACATTTCGTTACTATCATACACA 
         Sbay   TTTTTTTGATTTCTTTAGTTTTCTTTCTTTAACTTCAAAATTATAAAAGAAAGTGTAGTCACATCATGCTATCT-GTCACTATCACATATA 
                 * * ****  * *  *   ** ** *  *   **           **  ** * *    *    **   **    *  * * ** * * * 
 
 
Scer   TATCCATATCTAATCTTACTTATATGTTGT-GGAAAT-GTAAAGAGCCCCATTATCTTAGCCTAAAAAAACC--TTCTCTTTGGAACTTTCAGTAATACG 
Spar   TATCCATATCTAGTCTTACTTATATGTTGT-GAGAGT-GTTGATAACCCCAGTATCTTAACCCAAGAAAGCC--TT-TCTATGAAACTTGAACTG-TACG 
Smik   TACCGATGTCTAGTCTTACTTATATGTTAC-GGGAATTGTTGGTAATCCCAGTCTCCCAGATCAAAAAAGGT--CTTTCTATGGAGCTTTG-CTA-TATG 
Sbay   TAGATATTTCTGATCTTTCTTATATATTATAGAGAGATGCCAATAAACGTGCTACCTCGAACAAAAGAAGGGGATTTTCTGTAGGGCTTTCCCTATTTTG 
       **   ** ***  **** ******* **   *  *   *     *  *    *  *       **  **      * *** *    ***    *  *  * 
 
 
Scer   CTTAACTGCTCATTGC-----TATATTGAAGTACGGATTAGAAGCCGCCGAGCGGGCGACAGCCCTCCGACGGAAGACTCTCCTCCGTGCGTCCTCGTCT 
Spar   CTAAACTGCTCATTGC-----AATATTGAAGTACGGATCAGAAGCCGCCGAGCGGACGACAGCCCTCCGACGGAATATTCCCCTCCGTGCGTCGCCGTCT 
Smik   TTTAGCTGTTCAAG--------ATATTGAAATACGGATGAGAAGCCGCCGAACGGACGACAATTCCCCGACGGAACATTCTCCTCCGCGCGGCGTCCTCT 
Sbay   TCTTATTGTCCATTACTTCGCAATGTTGAAATACGGATCAGAAGCTGCCGACCGGATGACAGTACTCCGGCGGAAAACTGTCCTCCGTGCGAAGTCGTCT 
             **  **          ** ***** ******* ****** ***** ***  ****   * *** ***** * *  ****** ***    * *** 
 
 
 
Scer   TCACCGG-TCGCGTTCCTGAAACGCAGATGTGCCTCGCGCCGCACTGCTCCGAACAATAAAGATTCTACAA-----TACTAGCTTTT--ATGGTTATGAA 
Spar   TCGTCGGGTTGTGTCCCTTAA-CATCGATGTACCTCGCGCCGCCCTGCTCCGAACAATAAGGATTCTACAAGAAA-TACTTGTTTTTTTATGGTTATGAC 
Smik   ACGTTGG-TCGCGTCCCTGAA-CATAGGTACGGCTCGCACCACCGTGGTCCGAACTATAATACTGGCATAAAGAGGTACTAATTTCT--ACGGTGATGCC 
Sbay   GTG-CGGATCACGTCCCTGAT-TACTGAAGCGTCTCGCCCCGCCATACCCCGAACAATGCAAATGCAAGAACAAA-TGCCTGTAGTG--GCAGTTATGGT 
            ** *   ** *** *      *      ***** ** *  *   ****** **     *   * **     * *             ** ***   
 
 
 
Scer   GAGGA-AAAATTGGCAGTAA----CCTGGCCCCACAAACCTT-CAAATTAACGAATCAAATTAACAACCATA-GGATGATAATGCGA------TTAG--T 
Spar   AGGAACAAAATAAGCAGCCC----ACTGACCCCATATACCTTTCAAACTATTGAATCAAATTGGCCAGCATA-TGGTAATAGTACAG------TTAG--G 
Smik   CAACGCAAAATAAACAGTCC----CCCGGCCCCACATACCTT-CAAATCGATGCGTAAAACTGGCTAGCATA-GAATTTTGGTAGCAA-AATATTAG--G 
Sbay   GAACGTGAAATGACAATTCCTTGCCCCT-CCCCAATATACTTTGTTCCGTGTACAGCACACTGGATAGAACAATGATGGGGTTGCGGTCAAGCCTACTCG 
              ****    *         *   *****     ***              * * *    *  * *    *     *           **     
 
 
Scer   TTTTTAGCCTTATTTCTGGGGTAATTAATCAGCGAAGCG--ATGATTTTT-GATCTATTAACAGATATATAAATGGAAAAGCTGCATAACCAC-----TT 
Spar   GTTTT--TCTTATTCCTGAGACAATTCATCCGCAAAAAATAATGGTTTTT-GGTCTATTAGCAAACATATAAATGCAAAAGTTGCATAGCCAC-----TT 
Smik   TTCTCA--CCTTTCTCTGTGATAATTCATCACCGAAATG--ATGGTTTA--GGACTATTAGCAAACATATAAATGCAAAAGTCGCAGAGATCA-----AT 
Sbay   TTTTCCGTTTTACTTCTGTAGTGGCTCAT--GCAGAAAGTAATGGTTTTCTGTTCCTTTTGCAAACATATAAATATGAAAGTAAGATCGCCTCAATTGTA 
        * *      *    ***       * **   *  *     *** ***   *  *  **  ** * ********   ****    *               
 
Scer   TAACTAATACTTTCAACATTTTCAGT--TTGTATTACTT-CTTATTCAAAT----GTCATAAAAGTATCAACA-AAAAATTGTTAATATACCTCTATACT 
Spar   TAAATAC-ATTTGCTCCTCCAAGATT--TTTAATTTCGT-TTTGTTTTATT----GTCATGGAAATATTAACA-ACAAGTAGTTAATATACATCTATACT 
Smik   TCATTCC-ATTCGAACCTTTGAGACTAATTATATTTAGTACTAGTTTTCTTTGGAGTTATAGAAATACCAAAA-AAAAATAGTCAGTATCTATACATACA 
Sbay   TAGTTTTTCTTTATTCCGTTTGTACTTCTTAGATTTGTTATTTCCGGTTTTACTTTGTCTCCAATTATCAAAACATCAATAACAAGTATTCAACATTTGT 
       *   *     *     *      * *  **  ***   *  *        *        *  ** **  ** * *  * *    * ***       *    
 
Scer   TTAA-CGTCAAGGA---GAAAAAACTATA 
Spar   TTAT-CGTCAAGGAAA-GAACAAACTATA 
Smik   TCGTTCATCAAGAA----AAAAAACTA.. 
Sbay   TTATCCCAAAAAAACAACAACAACATATA 
       *    *   **  *    ** **  ** 

GAL10	

GAL1	

TBP	

GAL4	 GAL4	 GAL4	

GAL4	

MIG1	

TBP	MIG1	

Factor	footprint	

Conserva<on	island	slide credits: M. Kellis 

Conserva<on	of	Mo<fs	



Key	ques<ons	

•  How	to	discover	TFs/Binding	sites	(mo<fs)?		
•  How	to	discover	regulatory	network	
pathways?	(with	expression	profiles)	



(a) Some possible gene responses (ON or OFF) according to the specific activation patterns 
of two TFs, A and B, as denoted by their cellular concentrations (high or low) 

Buchler N E et al. PNAS 2003;100:5136-5141 

©2003 by National Academy of Sciences 

Boolean	model	



Discre<za<on	

• 	Given	expression	profiles,	values	could	
be	1	or	0	under	threshold.	



Cis-regulatory constructs and response characteristics of the AND (a), OR (b), and NAND (c) 
gates 

Buchler N E et al. PNAS 2003;100:5136-5141 

©2003 by National Academy of Sciences 





Algorithms	

•  Intui<ve	algorithm	
•  REVEAL	algorithm	
•  Buchler-Hwa		algorithm	





How	Good	Are	Boolean	Models?	
• Advantages		

• Provide	good	qualita<ve	interpreta<on	of	regula<on		
• Par<cularly	important	for	switching	behaviors		

• Such	systems	are	“robust”	than	using	exact	expression	values		
• Useful	connec<on	with	evolu<onary	behaviors		

• Disadvantages		
• Boolean	abstrac<on	is	poor	fit	to	real	expression	data		
• Cannot	model	important	features:		

• Amplifica<on	of	a	signal;	subtrac<on	and	addi<on	of	signals		
• Handling	smoothly	varying	environmental	parameter	(e.g.	
temperature,	nutrients)		
• Temporal	performance	behavior	(e.g.	cell	cycle	period)		
• Nega<ve	feedback	control	(Boolean	model	oscillates	vs.	
stabilize)	



Soyware	

•  dChip:	gene	expression	and	genome	varia<on	
•  EXPANDER:	sequence	and	expression	
•  Galaxy:	sequence	and	expression	
•  CisGenome:	sequence	and	expression	
•  WGCNA:	co-expression	network	
•  Cytoscape:	TN,	signaling	network	


