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* Motivation: Computer simulation of molecular cell biology

« Motivation: Large mechanistic models in Large Pharma
 Flux Balance Analysis of Genome Scale Metabolic Networks
* Quasi-Steady State Petri Nets (QSSPN)
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Statistical inference of genotype-

phenotype relationship.

LETTERS

nature
genet1cs

A meta-analysis of 87,040 individuals identifies 23 new
susceptibility loci for prostate cancer

Le Marchand L0, Hoover RN3, Machiela MJ3, Yeager M3, Burdette L3, Chung CC?, Hutchinson A3, Yu K3, Goh C8, Ahmed M8, Govindasami K8, Guy M8,

Tammela TL'", Auvinen A2, Wahifors T'3, Schleutker J'4, Visakorpi T'%, Leinonen KA'®, xu J'8, Aly M7, Donovan J'8, Travis RC'®, Key TJ'9, Siddig A%,
Canzian F21, Khaw KTZZ, Takahashi A23, Kubo M24, Pharoah P25, Pashayan N25, Weischer Mzs, Nordestgaard BG27, Nielsen SF27, Klarskov PZB, Reder MA29.

VL38, Maier C37, Luedeke M3, Herkommer K38, Rinckleb AEY7, Strom SS%, Pettaway C*°, Yeboah ED*!, Tettey Y4', Biritwum RB*!, Adjei AA%!, Tay E41,
Truelove A%, Niwa S$%2, Chokkalingam AP*3, Cannon-Albright L, Cybulski C*5, Wokotorczyk D5, Kiuzniak W*3, Park J%, Sellers T#6, Lin HY*, Isaacs WB*8,
Partin AW“B, Brenner H49, Dieffenbach AK49, Stegmaier CSO. Chen CQ. Giovannucci EL51, MSZ, Stampfer M53, Penney KL54, Mucci L54, John EM55, Ingles
SA*, Kittles RA®, Murphy AB®, Pandha H%, Michael A%, Kierzek AM®, Blot W*°, Signorelio LB, Zheng W, Albanes D', Virtamo J52, Weinstein S87,

Nemesure BS3, Carpten J84, Leske C53, Wu SY53, Hennis AS5, Kibel AS®®, Rybicki BA®?, Neslund-Dudas C57, Hsing AWS5, Chu L55, Goodman PJ®8, Klein EA®S,

Zheng SL'S, Batra J7°, Clements J7°, Spurdie A”", Teixeira MR"2, Paulo P73, Maia S7°, Slavov C74, Kaneva R75, Mitev V75, Witte JS®, Casey G*, Gillanders
EM’7, Seminara D77, Riboli E78, Hamdy FC7®, Coetzee GA*, Li Q®°, Freedman ML®, Hunter DJ®, Muir k8, Gronberg H®2, Neal DE®3, Southey M8, Giles
%35. Severi G8; Breast and Prostate Cancer Cohort Consortium (BPC3); PRACTICAL (Prostate Cancer Association Group to Investigate Cancer-Associated
Alterations in the Genome) Consortium; COGS (Collaborative Oncological Gene-environment Study) Consortium; GAME-ON/ELLIPSE Consortium, Cook MBB7,
Nakagawa H®®, Wiklund F®, Kraft P, Chanock SJ87, Henderson BE®', Easton DF', Eeles RA%, Haiman CA®'.
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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.
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Statistical inference of genotype-

phenotype relationship.

LETTERS

nature |
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A meta-analysis of 87,040 individuals identifies 23 new
susceptibility loci for prostate cancer
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Truelove A%, Niwa S$%2, Chokkalingam AP*3, Cannon-Albright L, Cybulski C*5, Wokotorczyk D5, Kiuzniak W*3, Park J%, Sellers T#6, Lin HY*, Isaacs WB*8,
Partin AW“B, Brenner H49, Dieffenbach AK49, Stegmaier C5°, Chen CQ. Giovannucci EL51, MSZ, Stampfer M53, Penney KL54, Mucci L54, John EM55, Ingles
SA*, Kittles RA®, Murphy AB®, Pandha H%, Michael A%, Kierzek AM®, Blot W*°, Signorelio LB, Zheng W, Albanes D', Virtamo J52, Weinstein S87,

Nemesure BS3, Carpten J84, Leske C53, Wu SY53, Hennis AS5, Kibel AS®®, Rybicki BA®?, Neslund-Dudas C57, Hsing AWS5, Chu L55, Goodman PJ®8, Klein EA®S,

Zheng SL'S, Batra J7°, Clements J7°, Spurdie A”", Teixeira MR"2, Paulo P73, Maia S7°, Slavov C74, Kaneva R75, Mitev V75, Witte JS®, Casey G*, Gillanders
mn, Seminara DT’, Riboli E75. Hamdy FC79, Coetzee GA‘, Mso. Freedman MLBO. Hunter DJ9. Muir Km, Gronbe HBZ, Neal DEBa. Southey M“, Giles
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Nakagawa H®®, Wiklund F®, Kraft P, Chanock SJ87, Henderson BE®', Easton DF', Eeles RA%, Haiman CA®'.

What molecular/physiological mechanisms associate
these 23 genes with cancer? How complex genotype-
environment-phenotype interactions could be studied
with GWAS approach?
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Mechanistic computer stmulation of genotype- UNIVERSITY OF

phenotype relationship. SURREY
GENOTYPE BIBLIOME* OF MOLECULAR BIOLOGY ~ ENVIRONMENT
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biology.
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Physiologically Based Pharmacokinetics (PBPK) -

«i CERTARAD

whole system mechanistic sitmulation routinely u

in Large Pharma.
Non-eliminating tissues:

dCT — QTCA B QTCV,T
dt Vv,
Eliminating tissues (liver, kidney):
dCT — QTCA B QTCV,T B Clint vuT

dt v,

where:

0 Blood flow [L/h]

V Volume [L/h]

T Tissue

A,v,u  Arterial, venous, unbound

K
Cv T = -
© B:P

B:P Blood/plasma partition coefficient

K p  Tissue/plasma partition coefficient | |V Dose

Cl . Intrinsic clearance
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Physiologically Based Pharmacokinetics (PBPK) - ,)
whole system mechanistic simulation routinely used CE RTARA

in Large Pharma.

Simulation of drug concentration in Lung >

Heart:
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Physiologically Based Pharmacokinetics (PBPK) -
whole system mechanistic simulation routinely used CERTARA

in Large Pharma.

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

based mechanistic sitmulation routinely used in Larg

Pharma.

Permeability-limited Lung Model (Mech Lu)
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Cranial CSF
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Brain blood

Brain compartment in the Full PBPK model

Stomach
Emptying

GUT compartment in
the Full PBPK model

The Advanced Dissolution, Absorption & Metabolism model
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Segregated
Blood Flows

Permeability-limited Kidney Model (Mech KiM)

Urinal tubule Cell (renal mass) Renal blood

Qkidney

Cartery

Qvein

c.b.'-vein

Qvein = Qkid'ney

Kidney compartment in the Full PBPK model

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



Ixample drug label claim based on

PBPK simulation. CE RTARA’)

HIGHLIGHTS OF PRESCRIBING INFORMATION

These highlights do not include all the information needed to use
IMBRUVICA safely and effectively. See full prescribing information for
IMBRUVICA.

IMBRUVICA® (ibrutinib) capsules, for oral use
Imitial U.S. Approval: 2013

Drug Interactions
Coadministration of Ibrutinib with CYP34 Inhibitors

In a sequential design trial of 18 healthy, fasted volunteers, a single dose of 120 mg of
IMBRUVICA was administered alone on Day 1 and a single dose of 40 mg of IMBRUVICA
was administered on Day 7 in combination with 400 mg of ketoconazole (given daily on Days

- Simulations using fasted conditions indicate that moderate CYP3A inhibitors
diltiazem and erythromycin may increase AUC of ibrutinib by 5- to 8-fold.

Coadministration of Ibrutinib with CYP34 Inducers

PK data from a dedicated drug interaction trial showed that rifampin (a stro 3A inducer)
decreases ibrutinib Cy,;; and AUC by more than 13- and 10-fold. Simulatiofis using PBPK
suggested that a moderate CYP3A inducer (efavirenz) may decrease the AUC of ibrutinib by up
to 3-fold.

17
Reference 1D: 3694103

www.certara.com
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CERTARA® - = SURREY
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Chromosome .
We can determine full genome sequence
of an individual. Genomics has entered
clinical research and healthcare (UK NHS
100K genomes project).
Permeability-limited Lung Model (Mech Lu) Full ""f: madel -Compartmant Brsin Model C urre ntly, SI m Cyp SI mu I atO r can

mechanistically account for polymorphism
of only about 20 genes (drug metabolism
and drug transporters).

IBmin:umpaﬂmentinthEFullPBFKmnde\ n| B”dg'ng the ga-p between genomlcs
I Lung compartment in the Ful PK model l uﬂ:’ﬁf::ﬁhtili}‘Evlj:‘iLa‘il;idne:xm(Mech a an d p h yS I 0 I 0 g y th ro u g h m eC h an I S tl C

Quiney

modelling of “intracellular space” is a
major challenge and solutions will
revolutionise model-based drug
development.

Permeability-Limited Liver Model

[ uiver compartment in the Full PBPK model |

Segregated
Blood Flows

{1
e A www.surrey.ac.uk

I Kidney compartment in the Full PBPK model

GUT compartment in
the Full PBPK model




uantitative simulatton of molecular RS
- a5 SR

network dynamics

B

(P egulator

regulatorKinase2P JreculatorPkinase2

cell

Stochastic kinetic model of two
component system signalling. Kierzek,
Zhou, Wanner, Molecular Biosystems,
2010, Hoyle, Avitabile, Kierzek, PL0S
Comp Biol 2012

www.surrey.ac.uk



antitative simulation of molecular 4
Quantitative simulation of molecular ,ﬁ %“ﬂ]ﬁi{éﬁ’f

network dynamics it
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Stochastic kinetic model of two
component system signalling. Kierzek, .
Zhou, Wanner, Molecular Biosystems, Time Tine sl
2010, Hoyle, Avitabile, Kierzek, PL0S

Comp Biol 2012
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By the way ....

ﬁ kinase |

egulamr

egdaxorKhaseZP egulatorPkinase2

cell

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.
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Mechanistic simulation of the relationship between UNIVERSITY OF
genotype and metabolic phenotype with Flux Balance SURREY
Analysis (FBA) of Genome Scale Metabolic Network.

Nutrients available in cell environment (external metabolites)
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Maximal pqssﬂole flux Fhrough selected reaction in the Genetic polymorphism.
system (objective function).

ASSUMPTION: Internal metabolites are at steady
state. www.surrey.ac.uk




Flux Balance Analysis - a constraint

based approach

Bxt Cxt
: RSf i
! B R4 I
i R2 C i
Axt IRL A R X obR i
| \ T growth
Dxt —B D - E B |

_________________________________________________________

Adapted from FluxAnalyzer software (Steffen
Klamt,MPI Magdeburg)

Variables of the model are reaction fluxes at steady
state F,,..,Fg. Stoichiometric matrix S represents
contribution of metabolites (rows) to reactions
(columns). The uniqgue 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
guantitative information can be wused to
constraint solution space.

SURREY
dc/dt S \Y;
R
- . 1 E
0 1 -1 00 -10 -1 0 F,
0 01 -10 0 0 0 0 F
Ol=lo 1 01 -10 0 0 F‘
0 00 0 0 0 1 -1 0 5
0 00 0000 1 —1| %
- F,
Maximise: F,+F, L
such that
Sv=0
[ <v, <u,
va vy Vs

Constraints
1)Sv=0

Unconstrained
salution space

vy v,

From Orth, Thiele, Palsson Nature Biotechnology
2010, 28:245
www.surrey.ac.uk



Computer simulation of genotype-

phenotype relationship.

JyMet

File Edit

View Analyse Help

Direction: | max ;| Objective: BIOMASS

Solver: [ Simplex

["JUsers jandrzej/GSMNs /Mtb_iDB726_GLvivo.sfba x |

+ ) Reduce matrix: (] Comments: ¥

) genes 726 enzymes = 744 reactions 651 metabolites  Problem = Objective value FD

D Equation LB UB Rule
R499 M_ACACP_c + 7.0 M_MALACP_c + 14.0 M_NADPH_C = 7.... 0.0 100000.0  Rw2524c =
R498 M_ACACP_C + 6.0 M_MALACP_C + 12.0 M_NADPH_C = 6. 0.0 100000.0  RvZS24c )
R552 M_COA_c + M_FAD_c + M_NAD_c + M_OCTACOSANOYL-C... 0.0 100000.0 (Rv0131c OR Rv0154c OR Rv0215c OR Rv0231 OR Rv024 .
R553 M_COA_c + M_FAD_c + M_HEXACOSANOYL-COA_c + M_N_. 0.0 100000.0 (Rv0O131c OR Rv0154c OR Rv0215c OR RvD231 OR Rv024
R554 M_COA ¢ + M_FAD_c + M_NAD_c + M_TETRACOSANOYL-... 0.0 100000.0 (RvO131c OR RvD154c OR Rv0215c OR RvD231 OR Rv024..
R555 M_COA_¢ + M_DOCOSANOYL-COA ¢ + M_FAD_c + M_NA... 0.0 100000.0 (RwO131c OR RvD154c OR Rv0Z15¢ OR RvD231 OR Rv024..
R556 M_COA_c + M_EICOSANOYL-COA_c + M_FAD_c + M_NAD_... 0.0 100000.0 (RwO131c OR RvD154c OR Rv0Z15¢ OR Rv0231 OR Rv024..
R551 M_ATP_c + M_COA_C + M_NONADECANOATE_c = M_AMP_.. 0.0 100000.0 Rv0035 OR Rv0099 OR Rv0119 OR RvO166 OR Rv0214 O...
R491 M_ACCOA_¢ + M_MALCOA_¢ + M_MBT-HOLO ¢ = 2.0 M_.. 0.0 100000.0 Rv2382¢ AND Rv2381c
R490 M_ATP_c + M_LYS_c + M_MBT-HOLO_c = M_AMP_c + M__. 0.0 100000.0  RvZ380c
R493 2.0 M_ACCOA_c + M_MBT_c + 2.0 M_NADPH_c = 2.0 M__. 0.0 100000.0  nogene
R492 M_MBTA-SAL ¢ + M_MBTB-SER_c + M_MBTCD-HBA ¢ +... 0.0 100000.0 nogene
R435 M_ACCOA_c + M_BIOTIN-COZ ¢ = 0.999 M_BIOTIN_c + M... 0.0 100000.0 Rw0904¢ OR Rv2502¢ OR Rv09374¢ OR Rv0904c OR RV379...
R494 9.0 M_ACCOA_c + M_MBT_c + 18.0 M_NADPH_c = 9.0 M... 0.0 100000.0  nogene
R497 M_ACACP_c + 2.0 M_MALACP_C + 4.0 M_NADPH_c = 2.0... 0.0 100000.0 Rv2524c
R496 M_ACCOA_c + M_ACP_c = M_ACACP_c + M_COA ¢ ~100000.0 100000.0 (Rv2243 OR Rv0649 ) AND Rv2244
R396 M_4PPNTE_c + M_ATP_c = M_DPCOA_c + M_PPI_c 0.0 100000.0  Rv2965c
R397 M_ATP_c + M_DPCOA ¢ = M_ADP_c + M_COA c 0.0 100000.0 Rv1631
R394 M_4PPNTO_c + M_CTP_c + M_CYS_c = M_4PPNCYS_c + M... 0.0 100000.0  Rv1391
R395 M_4PPNCYS_c = M_4PPNTE_¢c + M_CO2_¢ 0.0 100000.0  Rv1391
R392 M_ATP_c + M_PANT_C + M_BALA_C = M_AMP_c + M_PNT... 0.0 100000.0  Rv3602¢
R393 M_ATP_c + M_PNTO_c = M_4PPNTO_c + M_ADP_c 0.0 100000.0  Rvl092c
R259 M_ATP_c + M_MET_c = M_PI_c + M_PPI_c + M_SAM_c 0.0 100000.0  Rv1392
R258 M_LLCT ¢ = M_CYS_c + M_NH3_c + M_OBUT ¢ 0.0 100000.0 Rv1079
R257 M_HCYS_c + M_SER_c = M_LLCT ¢ 0.0 100000.0  Rv1077 ]

M OSLHSER ¢ = M NH3 ¢+ M OBUT ¢ + M SUCC ¢ 0.0 100000.0 Rv1079 X

%(ZSE

SurreyFBA software: Gevorgyan, Bushell, Avignone-Rossa,
Kierzek, Bioinformatics 2011.
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GSMN-TB: a web-based genome-scale network model of
Mycobacterium tuberculosis metabolism
Dany JV Beste™, Tracy Hooper™", Graham Stewart”, Bhushan Bonde®,
Claudio Avignone-Rossa”, Michael E Bushell”, Paul Wheeler”,

Steffen Klamt*, Andrzej M Kierzek™ and Johnjoe McFadden®"
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Mechanistic interpretation of UNIVERSITY OF
: SURREY
transcriptome data.

Highly expressed Output

Output

Upregulated

Lowly expressed Downregulated

Shlomi T, Cabili MN, Herrgard MJ, Palsson B@, Ruppin E. Network-based
prediction of human tissue-specific metabolism. Nature Biotechnology. 2008
26(9):1003-10. www.surrey.ac.uk



Mechanistic interpretation of omics data
in JyMet GUI and stba command line
tool.
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mmm_s«mm File Edit View Analyse Solve Help
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Large number of ~omics data analysis approaches available through Graphics

User Interface: IMAT, GIMME,GIM3E, DPA, Fast IMAT, GNI
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ARTICLE

doi:10.1038/nature10983

The genomic and transcriptomic
architecture of 2,000 breast tumours
reveals novel subgroups

Christina Curtis"?*, Sohrab P. Shah®**, Suet-Feung Chin'-**, Gulisa Turashvili"**, Oscar M. Rueda'?, Mark J. Dunning’,
Doug Speed>*f, Andy G. Lynch'?, Shamith Samarajiwa‘-?, Yinyin Yuan'?, Stefan Grif"?, Gavin Ha®, Gholamreza Haffari®,
Ali Bashashati’, Roslin Russell?, Steven McKinne)"x' , METABRIC Groupj, Anita Langerod®, Andrew Green’, Elena Provenzano®,
Gordon Wishart®, Sarah Pinder’, Peter Watson®*'°, Florian Markowetz', Leigh Murphy'®, Ian Ellis’, Arnie Purushotham®"?,

Anne-Lise Borresen-Dale®', James D. Brenton>", Simon Tavaré"*>*, Carlos Caldas"**" & Samuel Aparicio”’“1

Nature. 2012 486:346-52. doi: 10.1038/nature10983.
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A community-driven global reconstruction of human
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metabolism
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3,26

Nat Biotechnol. 2013 31:419-25. doi: 10.1038/nbt.2488.
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Mechanistic model-based meta-analysis of clinical
transcriptomes to stratify disease progression in

individual patients.
METABRICK Recon 2, Genome
transcriptome arrays, Scale Metabolic °

2000 individual Network (GSMN),
tumours 7440 reactions
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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.

metabolic

Determination of metabolic landscape by assigning non-
landscapes
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on Flux Variability Analysis ranges.
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Quasi-steady state metabolic fluxes. UNIVERSITY OF
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W.,_}_gﬁ"?* i Metabolism: COPASI

llllll

. J«( example file YeastGlycolysis
B 1 minute - m/_’“% From Pritchard and Kell
< > ol ke (2002) Eur. J. Biochem. |,
i }f modified from Teusink et
Py L § al.(2000) Eur J Biochem 267,
p— —= 5313-5329.
- ,,///’/’/"/ - wwodnate .-"WT:
e e

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.

Line thickness = 1 minute

10000 15,00 0000 25,009

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.

www.surrey.ac.uk
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QSSPN: dynamic simulation of molecular interaction networks
describing gene regulation, signalling and whole-cell metabolism
in human cells
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Quast Steady State Petr1 Net (QSSPN)

Constraint

Objective

5. Proceed to
next timestep

0€[0,08)x=0

place
<>e (0,0.5) <> [0.0, 1.0]
Pe——x X
—T>0 0=0.5 —>0 0=1.0
1. Fire PN transiﬁon@ 3. Evaluate FBA objectives
4. Update objective places

2. Update FBA
bounds

e

x €[1,2) b(x) = 0.0 ub(x) =05

x €[0,1) Ib(x) =0.0 ub(x)=0.1
x =2 Ilb(x)=0.0 ub(x) =1.0

<>e [0.0, 0.5] <>e [0.0, 1.0]
o ——>X o — >
—T>0 0=0.5 —>® 0=0.5

Method integrates Petri Net
simulations with Flux Balance
Analysis using quasi-steady state
approximation.

Slow, dynamic, regulatory
processes are modelled by Petri
Net

For each state of regulatory
network fast metabolic reactions
are assumed to be at steady state.

Constraint places set flux bounds
of FBA fluxes. Objective places
execute FBA evaluation of objective
functions.

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)
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Propensity function and transition ~  UNIVERSITY OF

types.

To allow formulation of general rules involving token
number thresholds, we define transition propensity:

N
P =c¢ Hﬂi(xi)
i=1

where P, is a propensity function of transition t, c, is
a rate constant, N is the number of pre-places of
transition t, x; is the number of tokens at preplace i
and p; 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 t, and
activities a, allowing general definition of the pre-
place contribution to the transition propensity

r A

x et b)), X)) =a

1(x) = | x € [ti, tiv1), w(x) = a |

| x € [tr-1,t7), p(x) = ar |

In new version of the software any arithmetic
expression involving pre-place states x; can also be
used to calculate propensity P,

SURREY

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 O.

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 x;.

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.

www.surrey.ac.uk



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(At) - 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 At. All node state updates
within this function are executed synchronously.

fireDelayedTransition(t, ty) - This function returns a Boolean value; the
function checks if there are any delayed transitions to be fired in the time
interval (t, t+t,). 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 tg at which this transition has been scheduled.
The At parameter is then set to t, — t. If there are multiple delayed transitions
set to fire in the time interval (t, t+t;) 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 0O this function adds the transition to
the list of delayed transi-tions to be fired. The transition is scheduled to fire at
timets =t + td.

Set states of Petri Net nodes (x,,...,x,)
Set identity of target node 6 and threshold s,
Set simulation time ¢ =0

Set simulation timestep Af = Af__

END

Xg > S Or t>T,

A

max

for each constraint node :

setQSSFbounds()

A
for each objective node :

evaluateObjective()
updateObjectiveNode()

ﬁreDeterministicTransitions(At)I

A

for each stochastic transition i:
calculate propensity a,

generate unit interval random numbers r,,7,

sum stochastic transition propensities a, = Ea,
i

e 1.1
calculate waiting time 7=—In—

dy N

Yes
fireDelayedTransition(,7

identify next transition g such that:

ut “
Zav <na, < Zav
v=1 v_:l

is i a delayed transition?

At=At,
t=t+At

Yes

fire transition i

scheduleDelayedTransition(u) l—

At=T
t=t+At
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Qualitative gene expression model SURREY
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Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)
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The model of bile acid homeostasis 1n UNIVERSITY OF
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human hepatocyte.
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Model validation
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Fraction of trajectories exhibiting
dynamic qualitative behaviour of
interest has been compared with
experimental data of Song and
Chiang, Hepatology 2009.
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Model validation

Supplementary Table 4.16. Comparison of behaviours exhibited by experimental data and simulation results.

Molecule Experimental data Experimental behaviour Simulation behaviour
FGF19 Relative amount after treatment with GW4064 for 0, 0.6. 1. 3. 6. 24 hours o ..
transcript (Section 4.2.1). activation activation
CYP7A1 Relative amount after treatment with GW4064 for 0, 0.6. 1. 3. 6. 24 hours nhibiti inhibiti
transeript (Section 4.2.2). tubiion foron
SHP tran- Relative amount after treatment with GW4064 for 0, 0.6. 1, 3. 6. 24 hours burst burst
seript (Section 4.2.3).
HNF4a Relative amount after treatment with GW4064 for 0, 0.6. 1. 3. 6. 24 hours
transeript (Section 4.2.4). constant constant
CYP7A1 Relative amount after treatment with FGF19 for 0, 0.6. 1, 3. 6. 24. 48 hours nhibiti inhibiti
transeript (Section 4.2.5). tubiion foron
SHP tran- Relative amount after treatment with FGF19 for 0, 0.6, 1, 3. 6. 24, 48 hours b

. . urst burst
seript (Section 4.2.6).
CYP7ALl Relative amount with respect to untreated control after treatment with FGF19 decrease decrease
transeript (Section 4.2.7)
CYP7A1 Relative amount with respect to untreated control after treatment with SHP . .
transeript siRNA (Section 4.2.8) terease merease
CYP7ALl Relative amount with respect to untreated control after treatment with SHP decrease decrease
transeript siRNA and FGF19 (Section 4.2.9)
SHP tran- Relative amount with respect to untreated control after treatment with FGF19 1 1
seript (Section 4.2.10) equa eqna
CYP7A1 Relative amount with respect to GW4064 treatment after FGF19 antibody . 1
transcript treatment (Section 4.2.11) erease equa
CYP7ALl Relative amount with respect to GW4064 treatment after FGFR4 siRNA . 1
transeript (Section 4.2.12) merease equa
Chenodiol Physiological response to rise of cholesterol. (Section 4.2.13) burst burst
Cholate Physiological response to rise of cholesterol. (Section 4.2.13) burst burst
Number of True Positive predictions (TP) 12
Number of True Negative predictions (TN) 42
Number of False Positive predictions (FP) 2
Number of False Negative predictions (FN) 2
Matthews Correlation Coefficient (MCC) 0.812

Fisher, Plant, Moore, Kierzek Bioinformatics 29, 3181-3190 (2013)
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Mechanistic simulation of genotype-
phenotype relationship.
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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% Cls of WT
are assigned the same colour as
WT.
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Model of signalling pathways regulating
translatton I mammalian cells.
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Significant predictive power evaluated by
comparison with comprehensive benchmark of
literature data on signalling network inhibitors

(MCC =0.45)
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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.
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Formal verification of qualitative

QSSPN model.
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All possible sequences of transitions (reachability graph) are
examined to prove that certain behaviour is not feasible.

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). www.surrey.ac.u k



Multi-scale ’ multi-formalism UNIVERSITY OF
: : SURREY
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.

www.surrey.ac.uk



Multi-scale, multi-formalism simulation
to Integrate existing models.
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Figure 1 | Regulatory signal network under study and model validation.
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Physiologically Based Pharmacokinetic
Models (PBPK)
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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 gsspn.
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Integration of molecular network INIVERSITY OF
models with PBPK. SURREY
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