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Performance metric 3: Quality of fit with fixed budget 
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Case 2: Comparing MCMC methods with ABC:  
5-parameter model of mRNA self-regulation 
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Comparing quality of fit with a fixed number of model 
integrations 
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*Liepe	  et	  al.	  A	  framework	  for	  parameter	  esEmaEon	  and	  model	  selecEon	  from	  experimental	  data	  in	  systems	  biology	  using	  approximate	  
Bayesian	  computaEon.	  Nature	  Protocols,	  2014	  



Comparing quality of fit with a fixed number of model 
integrations 
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Figure	  adapted	  from	  Toni	  and	  Stumpf,	  
“Tutorial	  on	  ABC	  rejecEon	  and	  ABC	  SMC	  for	  
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Performance comparison for 5-parameter  
mRNA self-regulation model 
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Case 3: Model reduction with the lasso penalty in a 
simple negative feedback model 
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Penalty	  for	  non-‐zero	  parameters	  



Quality of fit with increasing strength of lasso penalty 

Choose	  the	  highest	  penalty	  that	  does	  not	  affect	  the	  quality	  of	  the	  fit	  
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Parameter distributions inferred with and without the 
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Extraneous parameters are distributed near zero with the 
lasso penalty 
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Performance comparison for 6-parameter  
negative feedback model 
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Case 4: Fitting to oscillations in a 12-parameter calcium 
signaling model 
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Case 5: Fitting to oscillations in 3 species:  
13-parameter Negative Feedback Oscillator 



Case 5: Fitting to oscillations in 3 species:  
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PT identifies multiple global minima 
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Moving towards realistic cell-signaling applications: 
Fitting a large model of growth factor signaling 

	  
•  24	  parameters	  
	  
•  1037	  reacEons	  
	  
•  149	  ODEs	  

•  pYR	  combines	  136	  
model	  species	  

	  
	  
	  



Moving towards realistic cell-signaling applications: 
Fitting a large model of growth factor signaling 
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Summary:  

•  For	  simple	  models	  PT	  typically	  outperformed	  MH	  w.r.t	  convergence	  
speed	  and	  sampling	  efficiency	  

•  For	  more	  complex	  models	  PT	  consistently	  found	  global	  minima	  whereas	  
MH	  oten	  gets	  stuck	  in	  a	  local	  minimum	  

• PT	  outperformed	  ABC	  on	  a	  simple	  mRNA	  self-‐regulaEon	  model	  

• PT	  efficiently	  reduced	  a	  moderately	  complex	  negaEve	  feedback	  model	  
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Limitations and fixes 

•  SynchronizaEon	  has	  a	  cost	  

Acempt	  
swap	  

SoluEon:	  asynchronous	  swapping	  

Real	  Eme	  (seconds)	  

High	  temperature	  chain	  

Low	  temperature	  chain	  

MCMC	  
Step	  1	  

MCMC	  
Step	  2	  

MCMC	  
Step	  3	  

Wait	  
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• Proposal	  funcEon	  does	  not	  leverage	  parameter	  correlaEons	  

Limitations and fixes 

θ1	  

θ2	  
Swapping	  facilitates	  jumps	  

θ1	  

θ2	  
Large	  steps	  along	  correlated	  dimension	  

SoluEon:	  	  
Hessian	  guidance*	  
MulE-‐chain	  Monte	  Carlo**	  

*H.	  Eydgahi	  et	  al.	  ProperEes	  of	  cell	  death	  models	  calibrated	  and	  compared	  using	  Bayesian	  approaches.	  Molecular	  Systems	  Biology	  2014.	  
**	  Zhang,	  L.	  A.	  et	  al.	  APT-‐MCMC,	  a	  C++/Python	  implementaEon	  of	  Markov	  Chain	  Monte	  Carlo	  for	  parameter	  idenEficaEon.	  Comput.	  Chem.	  Eng.	  2018.	  



• Method	  is	  only	  moderately	  parallel,	  does	  not	  fully	  leverage	  large	  
number	  of	  nodes	  on	  typical	  modern	  day	  clusters	  
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• Method	  is	  only	  moderately	  parallel,	  does	  not	  fully	  leverage	  large	  
number	  of	  nodes	  on	  typical	  modern	  day	  clusters	  

SoluEon:	  
Combine	  results	  from	  mulEple	  PT	  chains	  
Run	  mulEple	  chains	  at	  each	  temperature	  level*	  	  
	  

Limitations and fixes 

.	  
*	  Zhang,	  L.	  A.	  et	  al.	  APT-‐MCMC,	  a	  C++/Python	  implementaEon	  of	  Markov	  Chain	  Monte	  Carlo	  for	  parameter	  idenEficaEon.	  Comput.	  Chem.	  Eng.	  2018.	  
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Software: pTempEst 

https://github.com/RuleWorld/ptempest 
MATLAB	  package,	  Supports	  models	  in	  SBML,	  BNGL,	  file	  formats	  
	  
Required	  sotware:	  

	  MATLAB	  
Recommended	  sotware:	  

	  BioNetGen	  (hcp://bionetgen.org)	  	  
	   	  -‐>	  writeMfile,	  writeMexfile	  
	  SUNDIALS	  CVODE	  integrator	  

	  
Features:	  AdapEve	  step	  sizes,	  temperatures,	  user-‐defined	  objecEve	  funcEons	  and	  
likelihood	  funcEons,	  variety	  of	  in-‐built	  opEons	  for	  likelihoods	  and	  priors	  
	  



Future development 

• Python	  implementaEon	  of	  parallel	  tempering	  that	  addresses	  observed	  
limitaEons	  and	  is	  closely	  interfaced	  with	  BioNetGen	  



Future development 

• Python	  implementaEon	  of	  parallel	  tempering	  that	  addresses	  observed	  
limitaEons	  and	  is	  closely	  interfaced	  with	  BioNetGen	  

• BNG	  ODE	  model	  export	  to	  C	  with	  swig	  wrappers	  for	  fast	  integraEon	  in	  
python	  

	  

writeCfile({}),	  	  
writeCfile({swig=>1})	  



Future development 

•  Improving	  tool	  accessibility	  and	  model	  communicaEon:	  
	  
SBML	  support	  enables	  conversion	  of	  models	  in	  different	  formats	  to	  
BNG	  to	  be	  used	  with	  the	  parameter	  esEmaEon	  tools	  being	  developed	  

	  Currently	  developing	  support	  for	  SBML-‐Mul7	  



Applying parameter estimation to understand variability in 
NFkB signaling 
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Applying parameter estimation to understand variability in 
NFkB signaling 
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