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• Motivation: Large mechanistic models in Large Pharma
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• Quasi-Steady State Petri Nets (QSSPN)



Statistical inference of genotype-

phenotype relationship.

We can determine any genotype of

interest, including full genome sequence

of an individual.

Genotype-phenotype relationship is

fundamental problem in basic and

applied science. Knowledge will

revolutionise medicine and

biotechnology.

Currently, statistical inference is attractive

approach to study genotype-phenotype

relationship.



Statistical inference of genotype-

phenotype relationship.

We can determine any genotype of

interest, including full genome sequence

of an individual.

Genotype-phenotype relationship is

fundamental problem in basic and

applied science. Knowledge will

revolutionise medicine and

biotechnology.

Currently, statistical inference is attractive

approach to study genotype-phenotype

relationship.

What molecular/physiological mechanisms associate

these 23 genes with cancer? How complex genotype-

environment-phenotype interactions could be studied

with GWAS approach?



Mechanistic computer simulation of genotype-

phenotype relationship.
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*Formerly known as library



Mechanistic computer simulation of genotype-

phenotype relationship.

GENOTYPE ENVIRONMENTBIBLIOME* OF MOLECULAR BIOLOGY

*Formerly known as library

SIMULATED PHENOTYPE
Computer simulation

of molecular cell

biology.



Physiologically Based Pharmacokinetics (PBPK) –

whole system mechanistic simulation routinely used 

in Large Pharma.
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Simulation of drug concentration in 

Heart:

Physiologically Based Pharmacokinetics (PBPK) –

whole system mechanistic simulation routinely used 

in Large Pharma.

www.certara.com



Simcyp simulator

Physiologically Based Pharmacokinetics (PBPK) –

whole system mechanistic simulation routinely used 

in Large Pharma.

www.certara.com



• Replacement and additional organ

Permeability-limited model are available for the intestine, liver, kidney, brain and lung.

PBPK: – whole system scale, bottom-up, literature-

based mechanistic simulation routinely used in Large 

Pharma.



Example drug label claim based on 

PBPK simulation.

www.certara.com



Revatio (Sildenafil)

Pulmonary Arterial 

Hypertension

Xarelto (Rivaroxaban)

Deep Vein 

Thrombosis and 

Pulmonary Embolism

Edurant (Rilpivirine)

HIV infection

Iclusig (Ponatinib) 

Chronic Myeloid 

Leukemia

Olysio

(Simerprevir) 

Hepatitis C

Opsumit (Macitentan) 

Pulmonary Arterial 

Hypertension

Imbruvia (Ibrutinib)

Mantle Cell Lymphoma and 

Chronic Lymphocytic 

Leukemia

Movantik (Naloxegol) 

Opioid Induced 

Constipation

Cerdelga(Eliglustat) 

Gaucher Disease
Jevtana (Cabazitaxel)

Prostate Cancer

Zykadia (Ceritinbi)

Metastatic Non-Small 

Cell Lung Cancer

Bosulif (Bosutinib)

Chronic Myelogenous

Leukemia

Lynparza (Olaparib)

Advanced Ovarian 

Cancer

Farydak (Panobinostat)

Multiple myeloma Lenvima (Lenvatinib)

Thyroid cancer

Odozmo (Sonidegib)

Basal Cell Carcinoma

Tagrisso

(Osimertinib) 

Metastatic NSCLC

Cotellic (Cobimetinib) 

Metastatic Melanoma

Alecensa (Alectinib)

Non Small Cell Lung Cancer

Aristada (Aripiprazolel)

Schizophrenia

Almost 100 label 

claims informed 

by PBPK, 

including DDI, 

absorption, ethnic 

bridging, 

formulation

PBPK impact on new drug 

approvals.

www.certara.com



We can determine full genome sequence

of an individual. Genomics has entered

clinical research and healthcare (UK NHS

100K genomes project).

Currently, Simcyp simulator can

mechanistically account for polymorphism

of only about 20 genes (drug metabolism

and drug transporters).

Bridging the gap between genomics

and physiology through mechanistic

modelling of “intracellular space” is a

major challenge and solutions will

revolutionise model-based drug

development.



Quantitative simulation of molecular 

network dynamics

Stochastic kinetic model of two

component system signalling. Kierzek,

Zhou, Wanner, Molecular Biosystems,

2010, Hoyle, Avitabile, Kierzek, PLoS

Comp Biol 2012



Stochastic kinetic model of two

component system signalling. Kierzek,

Zhou, Wanner, Molecular Biosystems,

2010, Hoyle, Avitabile, Kierzek, PLoS

Comp Biol 2012

Propensity:

c9 #mRNAKin

c9 = 10-4 1/s

Quantitative simulation of molecular 

network dynamics



By the way ….

Molecular networks are commonly

represented as bipartite graphs even if

it is not referred to as a Petri Net.

SBGN and CellDesigner (above) as

well as Matlab Simbiology (right) are

good examples.



Mechanistic simulation of the relationship between 

genotype and metabolic phenotype with Flux Balance 

Analysis (FBA) of Genome Scale Metabolic Network.

Nutrients available in cell environment (external metabolites)

Maximal possible flux through selected reaction in the

system (objective function).

ASSUMPTION: Internal metabolites are at steady

state.

Genetic polymorphism.



Axt

Dxt

Bxt Cxt

growth

Adapted from FluxAnalyzer software (Steffen 

Klamt,MPI Magdeburg)

dc/dt S v

Flux Balance Analysis – a constraint 

based approach

Variables of the model are reaction fluxes at steady

state F1,..,F8. Stoichiometric matrix S represents

contribution of metabolites (rows) to reactions

(columns). The unique maximal value of any linear

combination of fluxes can be calculated by linear

programming. Maximal objective value can be

achieved by many flux distributions (solutions). FBA

generates insightful qualitative predictions

based on network connectivity alone, but

quantitative information can be used to

constraint solution space.

From Orth, Thiele, Palsson Nature Biotechnology

2010, 28:245



Computer simulation of genotype-

phenotype relationship.

Sensitivity 71%, Specificity 80%, Correct 

predictions 78%.SurreyFBA software: Gevorgyan, Bushell, Avignone-Rossa,

Kierzek, Bioinformatics 2011.

Genome Biology 2007,

106 citations.



Reconstruction and Simulation of Genome 

Scale Metabolic Networks @Surrey

http://www.bbsrc.ac.uk/
http://www.bbsrc.ac.uk/


Mechanistic interpretation of 

transcriptome data.

Shlomi T, Cabili MN, Herrgård MJ, Palsson BØ, Ruppin E. Network-based

prediction of human tissue-specific metabolism. Nature Biotechnology. 2008

26(9):1003-10.



Mechanistic interpretation of omics data 

in JyMet GUI and sfba command line 

tool.

Large number of ~omics data analysis approaches available through Graphics

User Interface: iMAT, GIMME,GIM3E, DPA, Fast iMAT, GNI

Huihai Wu



Vytautas Leoncikas

http://www.bbsrc.ac.uk/
http://www.bbsrc.ac.uk/


Summary
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Nat Biotechnol. 2013 31:419-25. doi: 10.1038/nbt.2488.

Nature. 2012 486:346-52. doi: 10.1038/nature10983.



Mechanistic model-based meta-analysis of clinical 

transcriptomes to stratify disease progression in 

individual patients.
METABRICK 

transcriptome arrays, 

2000 individual 

tumours

Recon 2, Genome 

Scale Metabolic 

Network (GSMN), 

7440 reactions

Array data pre-processing

and classification of

transcripts to absent (-1)

and present (0) based on

detection p-values.

Classification of GSMN 

reactions to absent (-1) and 

present (0) based on 

GSMN gene-reaction rules 

and transcript classification. 

Optimisation of congruency between GSMN constraints 

and transcriptome-based reaction classification.

Determination of metabolic landscape by assigning non-

active (-1) or active (0) state to each GSMN reaction based 

on Flux Variability Analysis ranges.
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2000 samples

2000 

personalised 

metabolic 

landscapes

K-means 

clustering and 

comparison with 

survival data.

Potential DDI between

chemotherapy and SSRI

antidepressants.



Quasi-steady state metabolic fluxes.

The timescale separation between gene regulation and metabolism justifies Quasi-Steady State assumption:

Following the change of gene expression state metabolism quickly reaches state where metabolic flux

is constant and metabolite concentrations are balanced.

Metabolism: COPASI

example file YeastGlycolysis

From Pritchard and Kell

(2002) Eur. J. Biochem. ,

modified from Teusink et

al.(2000) Eur J Biochem 267,

5313-5329.

Line thickness = 1 minute

1 minute

Gene regulation: COPASI

example file NF-kappaB

NELSON, D.E., IHEKWABA,

A.E., et al.(2004). Science

306, 704-708.HOFFMANN, A.,

LEVCHENKO, A., SCOTT, M.

L. & BALTIMORE, D. (2002).

Science 298, 1241-1245.



Andrzej KierzekBernadette MooreNick PlantCiaran Fisher



Quasi Steady State Petri Net (QSSPN)

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)  

1. Method integrates Petri Net

simulations with Flux Balance

Analysis using quasi-steady state

approximation.

2. Slow, dynamic, regulatory

processes are modelled by Petri

Net

3. For each state of regulatory

network fast metabolic reactions

are assumed to be at steady state.

4. Constraint places set flux bounds

of FBA fluxes. Objective places

execute FBA evaluation of objective

functions.



Propensity function and transition 

types.
To allow formulation of general rules involving token 

number thresholds, we define transition propensity:

where Pt is a propensity function of transition t, ct is

a rate constant, N is the number of pre-places of

transition t, xi is the number of tokens at preplace i

and μi is the pre-place activity in the transition

depending on the pre-place state. The activity

function is a look-up table of T thresholds ti and

activities ai allowing general definition of the pre-

place contribution to the transition propensity

The interpretation of a transition propensity

during simulations is dependent on the transition

class:

Stochastic transition - propensity is interpreted

as the probability density of the transition firing in

the next, infinitesimally small, time step. We

allow stochastic transitions to be delayed.

Continuous transitions – propensity is

interpreted as reaction rate.

Immediate transition - fires once whenever its

propensity function is different than 0.

In new version of the QSSPN software the

following transition classes were added:

Reset transition – sets state of post places to

the value specified by arithmetic expression

involving pre-place states xi.

Flux transition has only one pre-place which

has to be objective node. It resets state of one

post-place to one of FBA solution fluxes.In new version of the software any arithmetic

expression involving pre-place states xi can also be

used to calculate propensity Pt



QSSPN simulation algorithm.
setQSSFbounds() - This function sets the bounds of fluxes in the quasi-

steady state flux (QSSF) part of the model according to the state of the

constraint node.

evaluateObjective() - This function uses Flux Balance Analysis to evaluate

the objective function specified by a particular objective node. The objective

function is specified as the name of the flux or the name of the metabolite in

the QSSF network. If the objective is specified as the flux the linear

programming (LP) maximises value of this flux. If the objective is specified as

a metabolite, the sum of fluxes producing this metabolite is maximised.

updateObjectiveNode() - This function sets the state of a particular objective

node according to the objective function value, thus feeding back information

about steady state metabolic capabilities to the dynamic part of the model.

fireDeterministicTransitions(Δt) - Each immediate transition for which

propensity function is greater than 0 is fired once. In recent version of the

software adaptive timestep Euler algorithm is used to simulate state change

of places connected to continous transitions within Δt. All node state updates

within this function are executed synchronously.

fireDelayedTransition(t, td) - This function returns a Boolean value; the

function checks if there are any delayed transitions to be fired in the time

interval (t, t+td). If there are no delayed transitions scheduled to fire the

function returns FALSE. Otherwise, it fires one delayed transition and sets

simulation time t to the time ts at which this transition has been scheduled.

The Δt parameter is then set to ts – t. If there are multiple delayed transitions

set to fire in the time interval (t, t+td) the transition that is scheduled at the

earliest time is fired. After firing the transition the function returns TRUE.

scheduleDelayedTransition(m) - If the stochastic transition m selected to

be fired has delay time td greater than 0 this function adds the transition to

the list of delayed transi-tions to be fired. The transition is scheduled to fire at

time ts = t + td.



QSSPN = HPN + FBA 



Whole-cell 

Metabolism

Qualitative gene expression model

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)  



The model of bile acid homeostasis in 

human hepatocyte.

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)  

HepatoNet1, Gille et al. 

Mol. Syst. Biol, 2010 



Model validation

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)  

Fraction of trajectories exhibiting

dynamic qualitative behaviour of

interest has been compared with

experimental data of Song and

Chiang, Hepatology 2009.



Model validation

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)  



Mechanistic simulation of genotype-

phenotype relationship.

Colour spectrum represents

fraction of trajectories exhibiting

behaviour of interest. Increasing

colour intensity represents higher

fraction of trajectories. The

knockdown/behaviour pairs where

fractions are within 95% CIs of WT

are assigned the same colour as

WT.



Model of signalling pathways regulating 

translation in mammalian cells.
Work of David Taylor.

300 molecular species, 241

interactions based on 1,158

literature references.

Reachability of molecular

targets under experimental

conditions (input) studied by

Statistical Model Checking.

Colour reflect the change in the

number of transition firings

resulting from application of

Ku0063794 inhibitor of mTOR

pathway.

Simulation led to hypotheses

that were experimentally

validated.

Manuscript in preparation.Significant predictive power evaluated by 

comparison with comprehensive benchmark of 

literature data on signalling network inhibitors

(MCC = 0.45)



Formal verification of qualitative 

QSSPN model.
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Marek Grabowski (University of Warsaw, now Google), Ciaran P. Fisher, Nick J. Plant, J. Bernadette Moore, Andrzej M. Kierzek,

Jacek Sroka (University of Warsaw). Formal verification of dynamic behaviour existence in molecular networks describing gene

regulation, signalling and whole-cell metabolism. (in preparation).

All possible sequences of transitions (reachability graph) are 

examined to prove that certain behaviour is not feasible. 



Multi-scale, multi-formalism 

simulation.

Nilgun Sahin Andrzej Kierzek Hans Westerhoff Nick Plant

The dynamic model of cortisol mediated signalling integrated with Recon 2 FBA

model of human metabolism and PBPK models.
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Multi-scale, multi-formalism simulation 

to integrate existing models.



Physiologically Based Pharmacokinetic 

Models (PBPK)

PBPK model of drug A and its toxic liver

metabolite Atox detoxified through GSH

conjugation (e.g. paracetamol and

NAPQI).

Model structure and parameters

adapted from Jones and Rowland Yeo

2013 CPT: Pharmacometrics &

Systems Pharmacology Volume 2,

Issue 8, pages 1–12, August 2013.

Simulation in qsspn.



Integration of molecular network 

models with PBPK. 

Recon 2 

GSMN, 

7440 

reactions

FVA simulation: 127 reactions 

affect glutathione production.

Recon 2 model constrained by ~200 

exametabolome fluxes from Jain et 

al, Science, 2012

Control

CTH

ACAT1
Expanding Pharmacogenomics by 

2192 genes. Expanding DDI 

analysis by 7440 potential targets. 

Enabling incorporation of ~omics

data. 

SF =Fgsh



MUFINS: Multi-Formalism 

Interaction Networks Simulator.

> spept2qsspn > qsspn > sfba

Snoopy:	External	
Petri	Net	Editor	

JyMet:	Mufins	
Graphic	User	
Interface	

Command	line	tools	

http://sysbio3.fhms.surrey.ac.uk/mufins/

Manuscript in third stage of review in NPJ: Systems Biology & Applications.
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