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Norbert	Wiener	(1894	–1964)	

Need	system	model	for	understanding	and	control	

“Many	perhaps	do	not	realize	that	the	present	
age	is	ready	for	a	significant	turn	in	the	
development	toward	far	greater	heights	than	
we	have	ever	an)cipated.	The	point	of	
departure	may	well	be	the	recas)ng	and	
unifying	of	the	theories	of	control	and	
communica)on	in	the	machine	and	in	the	
animal	on	a	sta)s)cal	basis.”	Norbert	Wiener,	
1949	



Basic	Structure	of	Boolean	Networks	

A 

X 

B 

Boolean function 
A B X 
0 0 1 
0 1 1 
1 0 0 
1 1 1 

1	means	ac-ve/expressed	
0	means	inac-ve/unexpressed	

In	this	example,	two	genes	(A	and	B)	regulate	gene	X.	In	principle,	
any	number	of	“input”	genes	are	possible.	Posi)ve/nega)ve	
feedback	is	also	common	(and	necessary	for	homeostasis).	
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Boolean	networks	
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Dynamics	of	Boolean	Networks	
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State	Space	of	Boolean	Networks	
•  equate	cellular	states	with	

a6ractors	
•  aUractor	states	are	stable	

under	small	perturba)ons	
–  most	perturba)ons	cause	the	

network	to	flow	back	to	the	
aUractor.	

–  some	genes	are	more	
important	and	changing	their	
ac)va)on	can	cause	the	
system	to	transi)on	to	a	
different	aUractor.	
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	recent	findings	provide	experimental	
evidence	for	the	existence	of	aUractors	in	

real	regulatory	networks	



Implica)ons	for	biology	

This	stability	is	physiologically	important	–	it	allows	the	cell	to	
maintain	its	func)onal	state	within	the	)ssue	even	under	
perturba)ons.	

Nevertheless,	cells	do	switch	states,	e.g.	from	quiescence	to	
growth,	usually	when	certain	genes	are	affected	by	
extracellular	signals.	

The	cell	“translates”	such	signals	into	specific	altera)ons	of	
genes/proteins.	

• cell	surface	receptors	are	“wired	to	master	switches”	and	are	good	targets	
for	manipula)on.	



Implica)ons	for	biology	

•  Hysteresis:	a	change	in	the	system’s	state	caused	by	a	
s)mulus	is	not	changed	back	a^er	the	s)mulus	is	
withdrawn.	
–  Networks	have	this	kind	of	“memory”.	
–  It	may	also	account	for	the	fact	that	adap)ve	changes	are	
o^en	preserved	through	many	cell	division	genera)ons.	

–  Stability	and	hysteresis	could	explain	inheritance	of	gene	
expressions.	



Tumorigenesis	

•  Disturbance	of	the	balance	between	aUractors	could	
be	caused	by	muta)ons	affec)ng	the	“wiring”	or	
ac)va)on	of	important	genes.	
–  for	example,	stabilizing	the	growth	state	could	lead	to	
tumorigenesis.	

–  such	muta)ons	change	the	size	of	the	basins	of	
a6rac-on.	

–  since	the	state	space	is	finite,	an	increase	of	one	basin	of	
aUrac)on	leads	to	a	decrease	of	another,	say,	
differen)a)on.	



Drug	discovery	

Most	research	has	focused	on	the	linear	paradigm.	

• manipula)on	of	individual	molecular	targets	

Robustness	of	aUractor	states	explains	why	single-gene	
perturba)ons	have	had	liUle	success	on	the	
macroscopic	level.	

Rethinking	the	“func)ons”	of	genes…	to	regulate	the	
dynamics	of	aUractors.	



Biological	networks	can	o^en	be	modeled	as	logical	circuits	from	well-
known	local	interac)on	data	in	a	straighborward	way.		

•  This	is	clearly	one	of	the	advantages	of	the	Boolean	network	approach.	

Though	logical	models	may	some)mes	appear	obvious	and	simplis)c,	
compared	to	detailed	kine)c	models	of	biomolecular	reac)ons,	they	may	
help	to	understand	the	dynamic	key	proper)es	of	a	regulatory	process.	

Further,	a	Boolean	network	model	can	be	formulated	as	a	coarse-grained	
limit	of	the	more	detailed	differen)al	equa)ons	model	for	a	system	
(Davidich	and	Bornholdt,	2008).		

They	may	also	lead	the	experimentalist	to	ask	new	ques)on	and	to	test	
them	first	in	silico.	



The	segment	polarity	network	of	the	fruit	fly	

The	segment	polarity	
genes	represent	the	

last	step	in	the	
hierarchical	cascade	
of	gene	families	
ini)a)ng	the	

segmented	body	of	
the	fruit	fly	
Drosophila	

melanogaster	

The	stable	
maintenance	of	the	
segment	polarity	
gene	expression	
paUern	is	a	crucial	
requirement	in	the	
further	development	

of	the	embryo.		

The	dynamics	of	the	
best	characterized	
segment	polarity	
genes	have	been	
studied	in	different	

modeling	
approaches	in	order	
to	understand	the	

stability	and	
robustness	of	this	
paUern	forma)on	



The	network	of	interac)ons	between	
the	segment	polarity	genes	

Albert,	R	&	Othmer,	H.G.	(2003)	J.	Theor.	Biol.	223,	1-18.	



Boolean	rules	
and	dynamics	



Control	of	the	mammalian	cell	cycle	
Under	the	simplis)c	
synchronous	upda)ng	scheme	
the	network	gives	rise	to	two	
different	aUractors,	a	stable	
state,	matching	the	quiescent	
cell	state	(G0)	when	growth	
factors	are	lacking	and	a	
complex	dynamical	cycle	
represen)ng	the	cell	cycle	when	
the	cyclin	D	complex	is	present.	

The	order	of	ac)vity	switching	
(off	or	on)	matches	the	available	
data,	as	well	as	the	)me	plots	
published	in	the	literature.	

Bioinforma)cs	2006	22(14):e124-e131	



Model	of	the	fission	yeast	cell	cycle	

The	cell	cycle	system	for	this	organism	is	
well	understood	in	terms	of	established	
differen)al	equa)on	models	

PLoS	ONE	3(2):	e1672	

The	largest	aUractor	aUracts	73%	of	the	
en)re	state	space,	and	the	biological	
target	state	(G1)	is	robust	to	most	
perturba)ons.	



T-cell	receptor	signaling	

PLoS	Computa)onal	Biology	3(8):	e163	

94	nodes	and	123	interac)ons	

T	cells	recognize	foreign	pep)des	
that	are	presented	by	an)gen	
presen)ng	cells	by	means	of	the	T	
cell	receptor	(TCR)	and	
cos)mulatory	molecules	
(CD4/8/28).		

This	s)mulus	ini)ates	a	signaling	
cascade	within	the	T	cell	that	
eventually	influences	its	ac)va)on	
status.		

The	T	cell	response	must	be	)ghtly	
regulated,	as	a	response	to	a	
pathogen	that	is	too	weak	
endangers	the	whole	organism,	
whereas	an	overshoo)ng	reac)on	
may	lead	to	autoimmune	disorders.	connected	component	comprising	only	33	nodes	



Model	Inference	from	Gene	
Expression	Data	

• Coefficient	of	Determina)on	
• Best-Fit	Extensions	
• Minimal	Descrip)on	Length	
(MDL)	

• Mutual	informa)on	
• Others…	

Several	
approaches	
exist	for	
Boolean	
networks:	
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Best-Fit	Extensions	

•  Measurement	errors	can	arise	in	the	data	acquisi)on	
process	or	may	be	due	to	unknown	latent	factors.	

•  Best-Fit	Extension	paradigm	can	incorporate	such	
inconsistencies.	

•  Goal:	to	establish	a	rule	or	in	our	case,	network,	that	
would	make	as	few	misclassifica)ons	as	possible.	

0 
1 
1 
0 

0 
0 
1 
1 

INPUT OUTPUT 



Best-Fit	Problem	Formula)on	
A partially defined Boolean function (pdBf) is defined by 
a pair of sets 

{ }nFT 1,0, ⊆
A function f  is called an extension of pdBf(T,F ) if  
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Machine	Learning,	Vol.	52,	pp.	147-167,	2003.	



Best-Fit	Problem	Formula)on	

Then, the error size of function f  is defined as 

( ) ( )( ) ( )( )fTFwfFTwf ∩+∩=ε
Goal: Output subsets 
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   and
such that   and 

so that any extension f  (from some class of 
functions) of pdBf(T* ,F*) has minimum error 
size. 

Efficient	algorithms	for	the	Best-Fit	problem	have	been	developed.	

Machine	Learning,	Vol.	52,	pp.	147-167,	2003.	



Constraints	During	Inference	

•  Constraining	the	class	of	predictors	can	have	
advantages:	
–  lessening	the	data	requirements	for	reliable	es)ma)on;	
–  incorporate	prior	knowledge	of	the	class	of	func)ons	
represen)ng	gene)c	interac)ons;	

–  certain	classes	of	func)ons	are	more	plausible	from	the	
point	of	view	of	evolu)on,	noise	resilience,	network	
dynamics,	etc.	

•  An	example	of	such	constraints	are	canalizing	func)ons	
and	Post	classes	

PNAS	100:19,10734-10739;	PNAS	101:17102-17107;	PNAS	100:14796-14799	



Probabilis)c	Boolean	Networks	(PBNs)	
•  Share	the	appealing	rule-based	proper)es	of	Boolean	

networks.	
•  Robust	in	the	face	of	uncertainty.	
•  Dynamic	behavior	can	be	studied	in	the	context	of	Markov	

Chains.	
–  Boolean	networks	are	just	special	cases.	

•  Close	rela)onship	to	(dynamic)	Bayesian	networks	
–  Explicitly	represent	probabilis)c	rela)onships	between	
genes.	

–  Can	represent	the	same	joint	probability	distribu)on.	
•  Allow	quan)fica)on	of	influence	of	genes	on	other	genes.	



Basic	structure	of	PBNs	

x'i

f1 (i)

f2 (i)

f l(i)(i)

x1

x2

x3

xn

c1(i)

c2(i)

cl(i)(i)

If	we	have	several	“good”	
compe)ng	predictors	
(func)ons)	for	a	given	gene	
and	each	one	has	
“determina)ve	power,”	don’t	
put	all	our	faith	in	one	of	
them!	

Selec)on	
probabili)es	

x 1x 2x 3 f1
1 f2

1 f1
2 f1

3 f2
3

000 0 0 0 0 0
001 1 1 1 0 0
010 1 1 1 0 0
011 1 0 0 1 0
100 0 0 1 0 0
101 1 1 1 1 0
110 1 1 0 1 0
111 1 1 1 1 1

cj
i 0.6 0.4 1 0.5 0.5



Dynamics	of	PBNs	

Dynamics	of	PBNs	can	be	
studied	using	Markov	Chain	
theory.	From	the	Boolean	
func)ons,	we	can	compute	

•  transi)on	probabili)es	
•  steady-state	distribu)on	(if	it	
exists)	

We	can	ask	the	ques)on:	“In	
the	long	run,	what	is	the	
probability	that	some	given	
gene(s)	will	be	ON/OFF?”	
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P1

P2+P4

P1+P3

P2+P4

P1+P31

Absorbing	states	
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Random	Gene	Perturba)ons	
•  Genes	can	some)mes	change	value	with	a	
small	probability	p.	
– The	genome	is	not	a	closed	system	–	genes	can	
be	ac)vated/inhibited	due	to	external	
variables	

{ }
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Random	Gene	Perturba)ons	

•  If	no	genes	are	perturbed,	the	standard	
network	transi)on	func)on	will	be	used.	

•  Observa)on:	
– For	p	>	0,	the	Markov	chain	corresponding	to	
the	PBN	is	ergodic.	

•  Thus,	the	steady-state	distribu)on	exists.	
•  Convergence	par)ally	depends	on	p.	
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Transi)on	Probabili)es	

It	is	possible	to	compute	state	transi)ons	directly	from	the	Boolean	
func)ons,	the	selec)on	probabili)es,	and	the	perturba)on	probability.	
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Influence	of	genes	
•  In	a	Boolean	func)on,	some	variables	have	
greater	“determina)ve	power”	on	the	output.	

•  Influence	is	defined	in	terms	of	the	par)al	
deriva)ve	of	the	Boolean	func)on	and	the	
underlying	joint	probability	distribu)on	of	the	
inputs	(efficient	spectral	methods	exist)	

•  PBNs	naturally	allow	us	to	compute	influences	
between	(sets	of)	genes	
–  genes	with	a	high	influence	may	make	poten)ally	good	
targets	for	interven)on.	
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Example	

( ) 321321 ,, xxxxxxf ⋅+=
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Influence	
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Influence	and	Sensi)vity	
•  We	can	easily	define	the	influence	of	a	gene	
on	another	(set	of)	gene(s),	in	the	PBN	
framework.	

•  We	can	also	define	the	sensi-vity	of	a	gene	
(defini)on	omiUed	here).	
– Biologically,	this	represents	the	stability,	or	in	
some	sense,	the	“autonomy”	of	a	gene.	
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Long-term	Influence	
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Examples	of	PBN	influences	in	human	
glioma	

Bioinforma-cs,	Vol.	20,	No.	8,	pp.	1241-1247,	2004.	
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Interven)on	
•  One	of	the	key	goals	of	PBN	modeling	is	the	
determina)on	of	possible	interven)on	targets	
(genes)	such	that	the	network	can	be	
“persuaded”	to	transi)on	into	a	desired	state	or	
set	of	states.	

•  Clearly,	perturba)on	of	certain	genes	is	more	
likely	to	achieve	the	desired	result	than	that	of	
some	other	genes.	

•  Our	goal,	then,	is	to	discover	which	genes	are	the	
best	poten)al	“lever	points”	in	the	sense	of	
having	the	greatest	possible	impact	on	desired	
network	behavior.	
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Example	
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Clearly, the choice in 
this simple example 
should be gene x1. 
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Interven)on	
•  When	p	>	0,	the	en)re	Markov	chain	is	ergodic	
and	thus,	every	state	will	eventually	be	visited.	

•  Thus,	the	ques)on	of	interven)on	should	be	
posed	in	the	sense	of	reaching	a	desired	state	as	
early	as	possible.	

•  We	use	first	passage	)mes.	
•  In	biology,	there	are	numerous	examples	when	
the	(in)ac)va)on	of	one	gene	or	protein	can	lead	
much	quicker	(or	with	a	higher	probability)	to	a	
certain	cellular	func)onal	state	or	phenotype	
than	the	(in)ac)va)on	of	another	gene	or	protein.	
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Same	Example	as	Before	

0 2 4 6 8 10 12 14 16 18 20
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(011)
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There are several 
possibilities: find the gene 
that 

•  minimizes the mean first 
passage time 

•  maximizes the probability 
of reaching a particular state 
before a certain fixed time 

•  minimizes the time needed 
to reach a certain state with 
a given fixed probability. 
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Sensi)vity	of	Sta)onary	Distribu)ons	to	Gene	
Perturba)ons	

•  What	is	the	effect	of	perturba)ons	on	long-
term	network	behavior?	

•  Similar	problems	have	been	addressed	in	
perturba)on	theory	of	stochas)c	matrices.	

•  Using	results	by	Cho	&	Meyer	(2000),	we	can	
show…	
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Sensi)vity	Result	

One important implication is that if a particular state of a PBN can be “easily 
reached” from other states, meaning that the mean first passage times are small, 
then its steady-state probability will be relatively unaffected by perturbations. Such 
sets of states, if we hypothesize them to correspond to some functional cellular 
states, are thus relatively insensitive to random gene perturbations. 
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Seunghwa	Kang,	Simon	Kahan,	Nick	Flann,	Jason	McDermoU	

•  Individual Cell Behavior 
•  Cell-cell interaction 

1.  Mechanical contact 
2.  Diffusible molecules 

•  Cell-environment 
interaction 

•  Scale to billions of cells 

Biocellion	
Accelera)ng	Mul)cellular	
Biological	System	Simula)on	

Kang	et	al,	Bioinforma)cs,	30(21):	3101-3108,	2014.	



RamRup	Sarkar,	Boris	Aguilar,	Farzin	Ghaffarizadeh	

Glioma	 cell-cell	repulsion,		when	
two	cells	are	to	close,	and	
cell-cell	adhesion	
between	pairs	with	
specific	intracellular	
states.	



RamRup	Sarkar,	Boris	Aguilar,	Farzin	Ghaffarizadeh	

Each	cell	posses	intracellular	
pathways	involving	genes	
controlling:	Cell	Death,	
Prolifera)on,	Migra)on.		




