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Outline	


n Purpose: 
¨  Develop a new systematic framework to understand and predict 

the dynamic features of complex cellular mechanisms 
¨  Information resources: Experimental Data + Pathway Simulation 

n Method: 
¨  Data Assimilation (DA) + Model Checking (MC)  

             + Hybrid Functional Petri Net with Extension (HFPNe) 

n Case study: 
¨  Circadian rhythm model in mouse 

n Conclusion remarks 



Information resource 1: Experimental Data	

DNA 

mRNA Protein Gene 

e.g. Microarray, RT- qPCR 
Exon array, RNA-seq 

e.g. Mass Spectrometry 
Western blotting 

Well-formulated data	




Information resource 2: Simulation Models	


n  Various simulation models using increasing biological knowledge 
ü  formal descriptions 
ü  constructing from scratch 
ü  converted from public and commercial database (Nagasaki et al 

2007) 

Li et al 2009	


Hybrid Functional Petri Net with extension (HFPNe)	


e.g. KEGG, TRANSPATH 

Public and commercial database	


Automatic convertor  
(e.g. TRANSPATH2CSML)	




Current status of simulation models	


n  All parameters must be assigned in advance. 

n  Parameter estimation requires a lot of trial and errors 
n  Small differences of parameters make large gap between 

simulation results and reality 
 

Unknown or 
ambiguous 	
 Careful hand-tuning	
    Conventional hand tuning method 

severely limits the size and complexity of 
simulation models built.	


Problems	




To address this problem...	


Ø  High-speed and high-accuracy parameter estimation method 

Ø  Evaluation by analyzing Mouse circadian clock model	


Simulation model Experimental data 

Data Assimilation + Model Checking 

Incomplete for the real system 
Unknown parameters 

- Time series data 
- Biological queries 



Hybrid Functional Petri Net with extension (HFPNe) 

Continuous 

Discrete 

•  Nagasaki, M., Doi, A., Matsuno, H., and Miyano, S., A versatile Petri net based architecture for modeling and simulation of 
complex biological processees, Genome Informatics, 15(1):180–197, 2004. 

•  https://cionline.hgc.jp  

Generic 

DNA sequence 
TCAGGAAGTGCGCCA	


transcription	

Substance	


Transcription state 
AUGAAAGCAAUUUUCGUACG	


mRNA	


Entities	
 Processes	


 
 
 
 

Discrete place	


 
 
 
 

Discrete transition	


 
 
 
 

Continuous 
place	


 
 
 
 

Continuous 
transition	


 
 
 
 

Generic place	


 
 
 
 

Generic transition	


integer	

delay	


real  
number	
 rate	


any operation	
any type	


Connectors	


 
 
 
 

Process 
connector 

Association 
connector 

Inhibitory 
connector 

Discrete entity	
 Discrete process	


Continuous 
entity	


Continuous 
process	


Generic entity	
 Generic process	




HFPNe model on Cell Illustrator Online 5.0 

https://cionline.hgc.jp	


Circadian rhythm in Mouse by Cell Illustrator	
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Unknown Parameters (17) 

:Initial values 

:Speeds 

:Thresholds 



Data	
  Assimila:on	

Firstly	
  used	
  around	
  2000	
  in	
  Geophysics.	
  

Every	
  simula9on	
  model	
  is	
  incomplete!	
  	
  
	
  
If	
  the	
  model	
  is	
  incomplete,	
  by	
  using	
  observed	
  data,	
  the	
  
incomplete	
  part	
  of	
  the	
  simula9on	
  model	
  could	
  be	
  
complemented	
  (at	
  each	
  observa9on	
  step)	
  to	
  realize	
  real	
  model	
  
with	
  the	
  mathema9cal	
  background	
  especially	
  sta9s9cs.	


Concept:	
  	




2004/Sep Typhoon 21 

→：Predic9on	
  only	
  by	
  
simula9on	
  

→:	
  Predic9on	
  using	
  data	
  
assimila9on	


Actual	
  trajectory	
  

(Taken	
  from	
  NII,	
  Japan)	
  

Accurate	
  Predic9on	
  and	
  Risk	
  Analysis	
  
Predic9on	
  of	
  Typhoon	
  trajectory	
  



Technique	
  	
  	
  
of	
  

Data	
  Assimila:on	




Data Assimilation 

f

Statistical framework to integrate simulation model and data 

+ 
Simulation model Experimental data 

Formulated by the Non-linear State Space Model 

System model 

Observation model 

tm : state vector at time 

ty : observation vector at time 

tw : system noise, 

),0(~ 2σε Nt : observation noise 

: simulation device, ,t

,t H : observation matrix, 

ttt

ttt

wHxy
vxfx

+=

= − ),( 1

Tt ,,1=

P-P interaction 

ttt

systtt

Hmy
wmfm

ε

θ

+=

= − ),,( 1

sysθ : parameter vector, 
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Data Assimilation 

)|,( TsysT YXP θ
},,{ 1 TT mmX …=
},,{ 1 TT yyY …=

DA to obtain 

f

tm : state vector at time 

ty : observation vector at time 

tw : system noise 

),0(~ 2σε Nt : observation noise 

: simulation device 

,t

,t Tt ,,1=

sysθ : parameter vector 



Data Assimilation 

To approximate this posterior distribution. Recursive estimation 

algorithm  Particle Filter (PF)  
is used 

Monte Carlo Filter (Kitagawa, 1996) 
Self-organising SSM (Kitagawa 1998) 

Other solution: 
 MCMC, Optimization	


MAP(maximum a posteriori)	


)|,(maxarg)ˆ,ˆ( , TsysTxsys YXpx θθ θ=

Parameter Estimation 



Particle Filter	


n  A simple and well-established statistical method 

n  Approximates the joint posterior distributions of parameters by 
using sequentially-generated Monte Carlo samples. 

Resampling step 
state 
space	
 Prediction step 

Weight calculation 
step 

Observed data	




Data	
  Assimila9on	
  Tool:	
  DA	
  1.0	


hIp://da.csml.org	

*Koh	
  CH,	
  Nagasaki	
  M,	
  Saito	
  A,	
  Wong	
  L,	
  Miyano	
  S,	
  DA	
  1.0:	
  Parameter	
  Es:ma:on	
  of	
  Biological	
  Pathways	
  using	
  Data	
  Assimila:on	
  approach,	
  Bioinforma)cs.	
  26(14):1794-­‐6.	


•  Java-­‐based	
  soQware	
  for	
  biological	
  pathways	
  using	
  DA	
  approach*	
  
•  User-­‐friendly	
  interface	
  to	
  allow	
  users	
  to	
  carry	
  out	
  unknown	
  

parameter	
  es9ma9on	
  



Issues with DA	

Experimental data 

P-P interaction expression	
 NCBI	


Other knowledge that 
cannot be formulated in the 

form of time series data 

Well-defined time series data	

-  Normal: 10-20 time points 
-  Small data: Cost massive computational 

resources 

DA	
 ＋	
 Model Checking	

Prune the search space of Particle Filter	




What is model checking?	


u  A method to verify whether models satisfy the requirement or not. 

u  Pioneering works using model checking for parameter estimation: 
Ø  MC + GA (Donaldson and Gilbert 2008) 

Ø  MC + uniform distribution (with HFPNe) (Li et al 2011) 

u  Temporal logic formulae often used for the biological queries 
Ø  PLTL (Probabilistic Linear-time Temporal Logic) 

Ø  Online Model checker: MIRACH 1.0 for quantitative pathway models  
(Hock Koh et al 2011, Li et al 2011) 

Syntax	
 Semantics	




Example: Biological queries of Circadian Rhythm	


G(d([per  mRNA])  ≧ 0  &&  X(d([per  mRNA])  ＜  0)  →  [per  mRNA]  >  [Bmal  mRNA])	


G(d([per  mRNA])  ≧  0  &&  X(d([per  mRNA])  <  0)  →  [per  mRNA]  >  2.0)	


We extracted and translated 23 rules with PLTL for checking	


Concentration of Bmal mRNA and per mRNA	


Q1: If the concentration of per mRNA always takes 
the maximum, its concentration is higher than 2.0	


Q2: If the concentration of per mRNA always takes the 
maximum, its concentration is higher than that of Bmal 

mRNA.	




Combining DA with MC	


Model checking can be executed at every simulation step 
until the appearance of observation data	


Observed data appeared	


Resampling step 
state 
space	


Prediction step Weight calculation step 

・・・	




Preparation for case study	

n  Purpose: 

¨  Evaluate the performance of the methods 
n  Data Assimilation with Model Checking (DAMC) 

n  Data Assimilation (DA) 

n  Target model: 
¨  HFPNe model of Mouse circadian rhythm 
¨  Unknown parameters (17): 

 12 initial values, 3 threshold values, 2 reaction rates 

n  Time series data generated by simulation + Observation noise 
¨  Enough amount of data: 26 time points for 12 entities (312 in total) 
¨  Small amount: 10 time points for 5 entities  

Observed data	




Preparation for case study	

n  Evaluation criteria 

 

¨  The average of squared difference between estimated simulation 
results and observed data 

n  Details of estimation environment: 
¨  Particles： 50,000 
¨  Searching range: [0, 15] 



Results with Enough Amount of Data	


better	


n  26 time points for 12 entities (312 in total) (five cycles) 

DAMC	
 DA	


Welch’s t-test	




Results with Small Amount of Data	


n  10 time points for five entities (about two cycles) 

better	


DAMC	
 DA	


？	


Welch’s t-test	




Results: Effects on Each Rule	


We can understand the contribution of each rule  
which accelerate estimation efficiency.	




Concluding Remarks	

n  Proposed a novel parameter estimation method for biological pathways 

by combining MC with DA  
⇒ Enable us to use various knowledge in addition to observed time 
series data 

n  New method and method without model checking are evaluated using 
Mouse circadian rhythm model of HFPNe 
¨  Enough amounts of observed data: our method can practically give good 

parameters in a short time 
¨  Small amount of observed data: new method is much faster 

n  Model checking will be a great help in improving the efficiency and 
accuracy of conventional parameter estimation process and eventually 
leading to better understanding of biological pathways 
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Thank you!	




Data Assimilation in Geophysics	

n  Typhoon Trajectory (Cyclone, Hurricane, Willy-Willy) 
n  Tsunami (Seismic sea wave) 

 
 
 
 
 
 
 
 
Complement the incomplete part of the simulation model, e.g. physical 

parameters and boundary conditions.	



