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Weaknesses  
There is no literature evidence that rule-based modeling, which 
has been developed for almost a decade now, provides any 
real benefits over other mechanistic modeling approaches.  

The battle ahead…	





Outline	



•  Biology of extrinsic apoptosis	


•  Alternate mechanisms of Bcl-2 biology	



•  Challenges modeling alternative topologies	



•  Motivation for executable models	


•  Executable biological models	



•  Modularity, expandability, shareability, transparency	



•  Exploring mechanism hypotheses	


•  Instantiating model topologies	



•  Exploring topologies	



•  Beyond topologies (simulation, calibration)	



•  Ongoing + Future work	


•  Model sensitivity to topologies	



•  Bringing molecular simulation to bio modeling	





Apoptosis	





Apoptosis in cancer	



•  Programmed cell death is 
necessary to maintain balance in 
healthy tissue. 	



•  Self-destruction and removal of 
cell material.	



•  Apoptosis activation possible 
strategy for cancer treatment. 	



•  Tightly regulated by the 
interactions among members of 
Bcl-2 protein family.	



•  Almost all cancer cells evade 
apoptosis. 	



•  Focus on extrinsic apoptosis.	





TRAIL layer: Ligand binding to IC activation 
MOMP layer: Bid activation to pore assembly 
PARP layer: Cytochrome C release to PARP cleavage 

Extrinsic apoptosis	





Bid to MOMP mechanisms	



•  MOMP is the commitment 
step in apoptosis.	



•  Alternative hypotheses 
difficult to prove/disprove. 	



•  Diagrams represent many 
chemical interactions.	



•  Can we use kinetic 
modeling to distinguish 
differences between 
hypotheses?	



Figure: Andrews et al, Oncogene, 2010 



Bcl-2 Family of Proteins	



•  Interactions are further complicated 
by affinities.	



•  Different interactions in different 
proposed models. 	



•  Bax vs. Bak?	



•  Activators (PUMA?)	



•  Role of Sensitizers?	



Figures: Green Oncogene (2006) 

              Cory Oncogene (2007) 



Modeling challenge	





Crossing multiple spatiotemporal scales	



Cell is heterogeneous across spatiotemporal scales 

Cell 



Mul$ple	
  ways	
  to	
  represent	
  reality	
  

Fusseneger 
(2000) 

Bentele 
(2004) 

Albeck 
(2008) 



Representing biology knowledge	


Bax(bf=None, bh3=None, d2=None, state=C)

r0

Bax(bf=None, bh3=None, d2=None, state=A)

Bax(bf=1, bh3=None, d2=None, state=A) %

BclxL(bf=1, state=M)

Bak(bf=None, bh3=None, d2=None, state=A)

r9

r4

Bak(bf=1, bh3=None, d2=None, state=A) %

BclxL(bf=1, state=M)

Bak(bf=1, bh3=None, d2=None, state=A) %

Mcl1(bf=1)

BclxL(bf=None, state=C)

r1

BclxL(bf=None, state=M)

Mcl1(bf=None)r5

r34

Mcl1(bf=1) %

NOXA(bf=1)

Bid(bf=1, state=T) %

Mcl1(bf=1)

Bad(bf=None) r10

Bad(bf=1) %

BclxL(bf=1, state=M)

NOXA(bf=None)

r3

r33

BclxL(bf=1, state=M) %

Bid(bf=1, state=T)

Bid(bf=None, state=T)

Bax(bf=None, bh3=None, d2=None, state=C)

r0

Bax(bf=None, bh3=None, d2=None, state=M)

Bak(bf=None, bh3=None, d2=None, state=M)

r20

Bcl2(bf=None) r21r2

Bcl2(bf=1) %

Bid(bf=1, state=M)

Bad(bf=1) %

Bcl2(bf=1)

BclxL(bf=None, state=C)

r1

BclxL(bf=None, state=M)

Mcl1(bf=None) r23r3

Bid(bf=1, state=M) %

Mcl1(bf=1)

Mcl1(bf=1) %

NOXA(bf=1)

Bad(bf=None)

r5

Bad(bf=1) %

BclxL(bf=1, state=M)

NOXA(bf=None)

r19

r22

BclxL(bf=1, state=M) %

Bid(bf=1, state=M)

Bid(bf=None, state=T)

r15

Bid(bf=None, state=M)

Bax(bf=None, bh3=None, d2=None, state=A)

Bak(bf=None, bh3=None, d2=None, state=A)

Bax(bf=None, bh3=None, d2=None, state=C)

Bak(bf=None, bh3=None, d2=None, state=M)

Bcl2(bf=None)

r20

r35

r3

Bcl2(bf=1) %

Bid(bf=1, state=M)

Bax(bf=1, bh3=None, d2=None, state=A) %

Bcl2(bf=1)
Bad(bf=1, state=M) %

Bcl2(bf=1)

BclxL(bf=None, state=C)

r19

Mcl1(bf=None)

r21

r36r1

Bid(bf=1, state=M) %

Mcl1(bf=1)

Bak(bf=1, bh3=None, d2=None, state=A) %

Mcl1(bf=1)

Mcl1(bf=1) %

NOXA(bf=1)

Bad(bf=None, state=C) r0 Bad(bf=None, state=M)

NOXA(bf=None)

r45

Bad(bf=1, state=M) %

BclxL(bf=1, state=M)

Bid(bf=None, state=T) r13

Bid(bf=None, state=M)r34

BclxL(bf=1, state=M) %

Bid(bf=1, state=M)
Bax(bf=None, bh3=None, d2=None, state=A)

Bak(bf=None, bh3=None, d2=None, state=A)

r43

Bax(bf=1, bh3=None, d2=None, state=A) %

BclxL(bf=1, state=M)

r44

Bak(bf=1, bh3=None, d2=None, state=A) %

BclxL(bf=1, state=M)

r33

BclxL(bf=None, state=M)

r17

r29

r18

r30



Combinatorics issues arise quickly	



Bax	
  +	
  Bax	
  <-­‐>	
  Bax2	
  
Bax2	
  +	
  Bax2	
  <-­‐>	
  Bax4	
  
Bax	
  +	
  Bcl-­‐2	
  <-­‐>	
  Bax:Bcl-­‐2	
  
Bax	
  +	
  Bcl-­‐XL	
  <-­‐>	
  Bax:Bcl-­‐XL	
  
...	
  
	
  
dBax/dt	
  =	
  ...	
  
dBax2/dt	
  =	
  ...	
  
dBax4/dt	
  =	
  ...	
  
dBcl-­‐2/dt	
  =	
  ...	
  
dBax:Bcl-­‐2/dt	
  =	
  ...	
  

Source of Combinatorial Complexity: 
 Oligomerization 
 Phosphorylation 
 Ubiquination 
 Molecular Machines 
 … 



Altering model topology...	



CANNOT edit this by hand…	





Challenges to study topology	



•  Traditional modelling approaches:	


•  Prescriptive and database-driven.	



•  Do not allow direct model exploration/manipulation.	



•  Difficult to explore multiple topologies systematically.	



•  Also want knowledge annotation (not today, please ask if 
interested)	



•  Model:	



•  Tracking	



•  Revision	



•  Sharing	



•  Ontology + Wiki based model tracking approaches.	





The rules “language”	



DISC:Csp8 → DISC + Csp8* 

DISC Csp8 DISC Csp8 

% 



Keyword 
Parameter Name 

Value 

Initial Conditions 

Reaction Rates 

Syntactic complexity increases w problem size	



	
  egfr(Y1148~pY)	
  +	
  Shc(PTB,Y317~Y)	
  	
  	
  	
  <-­‐>	
  egfr(Y1148~pY!1).Shc(PTB!1,Y317~Y)	
  	
  	
  kp13,km13	
  
	
  egfr(Y1148~pY)	
  +	
  Shc(PTB,Y317~pY)	
  	
  	
  <-­‐>	
  egfr(Y1148~pY!1).Shc(PTB!1,Y317~pY)	
  	
  kp15,km15	
  
	
  egfr(Y1148~pY)	
  +	
  Shc(PTB,Y317~pY!1).Grb2(SH2!1,SH3)	
  	
  	
  <-­‐>	
  \	
  
	
   	
   	
   	
   	
  egfr(Y1148~pY!2).Shc(PTB!2,Y317~pY!1).Grb2(SH2!1,SH3)	
  	
  kp18,km18	
  
	
  egfr(Y1148~pY)	
  +	
  Shc(PTB,Y317~pY!1).Grb2(SH2!1,SH3!3).Sos(dom!3)	
  	
  	
  <-­‐>	
  \	
  
	
   	
   	
  egfr(Y1148~pY!2).Shc(PTB!2,Y317~pY!1).Grb2(SH2!1,SH3!3).Sos(dom!3)	
  	
  kp20,km20	
  

Rules 



Want to express “actions”	



BaxBax

BakBak

Bax

BakBak

Bcl-2

Mcl-1

Bcl-xL

Bad

NOXA

tBidtBid

PORE

Bcl-xL

Translocate	



Activate	



Inhibit	



Oligomerize	



Logic operations implied by each action. 



Executable modeling	





pySB – executable model approach	



•  Key goal: write biological knowledge.	



•  Avoid long lists of parameters/formalisms.	



•  Enumerating math by hand is cumbersome.	



•  Transparency of a model is essential (sharing, revising).	



•  Make expanding models routine.	



•  Leave the chemical and mathematical procedures to the 
computer.	



•  Build an environment where model exploration is allowed.	



•  Build platform where multiple tools can be used (i.e. not just 
Matlab).	



•  Open source, Python language	





Biochemical	
  func$ons	
  in	
  Python	
  

catalyze(Casp8,.Bid,.'trunc',.'N',.'Y',.kf,.kr,.kc)

Casp8(b).+.Bid(b,trunc~N).<?>.Casp8(b!1).Bid(b!1,trunc~N)...kf,.kr
Casp8(b!1).Bid(b!1,trunc~N).?>.Casp8(b).+.Bid(b,trunc~Y)....kc

r1.=.kf[y1][y2]
r2.=.kr[y3]
r3.=.kc[y3]
d[y1]/dt.=.kc[y3].?.kf[y1][y2].+.kr[y3]
d[y2]/dt.=.?kf[y1][y2].+.kr[y3]
d[y3]/dt.=.?kc[y3].+.kf[y1][y2].?.kr[y3]
d[y4]/dt.=.kc[y3]

PySB 
macro call

Biochemical 
Rules

Python execution

Ordinary 
Differential 

Eqns

BioNetGen call

ODE 
objects in 
Python

PySB 

model.odes()



•  Functions allow us to generalize chemical/biological/physical patterns 
•  Patterns abstracted to function 
•  Functions can be reused 

Defining simple functions	





•  We write what we mean 
•  Easy to revise 
•  Annotate/Track 

Using functions	





Make model functional rather than prescriptive: 

Call for rule generation: 

Higher level complexity: oligomerization	





BNG Rules for Bax/Bak tetramer generation 

Equations… 

pore_assembly() execution	



~45 BNG rules (one shown) 

~150 ODEs (9 shown) 



Higher level complexity: interaction families	





#	
  MOMP	
  Inhibition	
  
simple_bind_table([[	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Bcl2,	
  BclxL,	
  	
  Mcl1],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  {},	
  	
  	
  	
  {},	
  	
  	
  	
  {}],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [Bid,	
  {'state':'M'},	
  	
  True,	
  	
  False,	
  False],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [Bax,	
  {'state':'A'},	
  	
  True,	
  	
  	
  True,	
  False],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [Bak,	
  {'state':'A'},	
  False,	
  	
  	
  True,	
  	
  True]],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  kd['BID_BAX_BAK_inh'],	
  model)	
  
#	
  Bcl-­‐2	
  Sensitizers	
  
simple_bind_table([[	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Bcl2,	
  BclxL,	
  	
  Mcl1],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  {},	
  	
  	
  	
  {},	
  	
  	
  	
  {}],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [Bad,	
  	
  {},	
  	
  True,	
  	
  True,	
  False],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [NOXA,	
  {},	
  	
  False,	
  True,	
  	
  True]],	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  kd['BCLs_sens'],	
  model)	
  
 

Inhibitor/sensitizer tables	



15 potential interactions shown 
~50 total potential interactions in MOMP mechanisms 



Exploring apoptosis biology	





Modules	





Indirect topology code	



6 lines of function calls 
Reusable modules / parameters called from main program 
(actual python code) 



Direct topology code	



10 lines of function calls 
Reusable modules / parameters called from main program 
(actual python code) 



Embedded topology code 	



12 lines of function calls 
Reusable modules / parameters called from main program 
(actual python code) 



Expand + explore	



•  Explore model 
biochemistry.	



•  Update/correct 
previous models.	



•  Generate model 
topologies for 
numerical testing.	





PySB generated models	



!!!!!!!!!!!!!!!!Attribute!
Model!

PySB!
statements!

BNG"Rules! Species/ODEs! Reactions! Parameters!
Non"zero%
Initial'!

Indirect! 6! 51! 81! 128! 108! 20!
Direct! 10! 56! 72! 95! 116! 20!
Embedded! 12! 65! 197! 659! 137! 21!
!



Cross	
  pla8orm	
  access	
  	
  

# Instantiate the model

Model()

Monomer('tBid', ['b'])

Monomer('Bax', ['b', 'state'], {'state': ['I','A']})

two_step_mod(tBid(b=None), Bax(b=None, state='I'),

             Bax(b=None, state='A'), site='b')

Rule('Bax_inactivation',

      Bax(b=None, state='A') >> Bax(b=None, state='I'),

      Parameter('k_rev', 1e-1))

# Set the initial conditions

Initial(tBid(b=None), Parameter('tBid_0', 1000))

Initial(Bax(b=None, state='I'), Parameter('Bax_0', 1000))

# Model output: activated Bax

Observe('aBax', Bax(state='A'))

# Run a deterministic ODE simulation

det_time = linspace(0, tmax, numpoints)

det_data = odesolve(model, det_time)

# Run a stochastic simulation using kappa

stoch_data = kappa.get_kasim_data(model,

             time=tmax, points=numpoints)

# Run simulation and calibrate

output= odesolve(model, 20000)

annealout = annlodesolve(model...)

Sundials/CVODE Integrators

BNG,

SymPy

Kappa

Stochastic

Simulator

SymPy

# Solve for st. state aBax using SymPy

cons_eqns = parse_expr(’s0 + s1  ...’)

solve(model.odes + cons_eqns, s5)

PySB Model

Figure: John A. Bachman 



IC-RP 
tBid 

IMS-RP 
Smac 

EC-RP 
cParp 

Calibration: SciPy, PySundials, BNG, Pylab, SymPy… 	


Embedded Direct embedded	

 direct	





Summary	



n  Discerning among topologies in a systematic manner: develop 
metrics to compare models.	



n  Exploit modularity further among different cell lines.	



	

n  Transparency, 
reuse, revise, share 
models online.	



n  Integration with 
existing and new 
technologies.	



n  Interactive/
systematic 
hypothesis testing.	



Figure: Andrews et al, Oncogene, 2010 
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