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Systems 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syntheAc 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•  Conceptual modelling framework 

•  BioModel Engineering 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BioinformaAcs Basics 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Systems Biology: Interaction in Networks 

BME 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Chemical Reac+on 
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Methionine Biosynthesis in S.cerevisiae 
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Metabolic Pathways 

hKp://ca.expasy.org/tools/pathways/ BME Intro 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→ general biochemical pathways, → animals,  
→ higher plants, → unicellular organisms 

BME 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Metabolic Pathways vs Signalling Pathways 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Networks 
•  Gene regulaAon 

•  Metabolic 

•  Signalling  

•  Protein‐protein interacAon 

•  Developmental 

BME Intro 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systems biology: modelling as formal knowledge representation

synthetic biology: modelling for system construction
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Systems Biology  

•  Modelling: design and construcAon of models of exisAng 
biological systems, which explain observed properAes and 
predict the response to experimental intervenAons 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Systems Biology – some definiAons 

•  Systems biology is the study of all the 
elements in a biological system (all genes, 
mRNAs, proteins, etc) and their relaAonships 
one to another in response to perturbaAons.   

•  Systems approaches aKempt to study the 
behaviour of all of the elements in a system 
and relate these behaviours to the systems or 
emergent properAes  

BME Intro 



david.gilbert@brunel.ac.uk  14 

A Framework for Systems Biology 
(Ideker, Galitski & Hood, 2001) 

•  Define all of the components of the system  
•  SystemaAcally perturb and monitor 
components of the system  

•  Reconcile the experimentally observed 
responses with those predicted by the model  

•  Design and perform new perturbaAon 
experiments to disAnguish between mulAple 
or compeAng model hypotheses  

BME Intro 



SyntheAc Biology ‐ Design & Build it! 

GeneAc Engineering 

•  Single gene manipulaAon 
•  Gene transfer 
•  Ad‐hoc research 

SyntheAc Biology 

•  GeneAc circuit design  
•  Standard parts – BioBricks™  
•  Modelling and simulaAon 
•  Open 

SupporAng technology: DNA synthesis 

* 

* Photographic bacteria ‐ UCSF iGEM 2004 Team 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Mycoplamsa genitalium 
Genome  580kbp 

REFA
CTOR

ING G
ENOM

ES 

Top-Down- The “North American” model 

PNAS 103, 425‐430, 2006 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Bottom-Up – The “Far-Eastern” Model 

Introduce to the vesicle only what is needed 
for your uses 
•  SyntheAc DNA 
•  Refactored organelles 
•  Membrane pores 

CreaAon of arAficial life! 

david.gilbert@brunel.ac.uk  BME 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A drug manufacturing plant
  “Audacious plan” New ScienAst, May 2006
  Engineer e.coli / yeast to synthesise the anA‐malarial artemisinin 

  $42.6 million, Bill & Melinda Gates FoundaAon 

Artemisia annua 

  Plant  difficult  to  grow  and  only  yield  minute 
quanAAes of drug per kilo

  Artemisinin is expensive 

" "Engineer cheaper alternative and 
save the world!

david.gilbert@brunel.ac.uk  BME Intro 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Saccharomyces cerevisiae 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Levels of AbstracAon 

20 
Adrianantoandro et al. Mol Sys Bio 2006 

Systems 

Parts 

DNA 

Devices 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Registry of Parts 

hKp://parts.mit.edu/ 

BBF conAnues work on the 
standard 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 21 BME 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•  From pathogenic Pseudomonas aeruginosa 
•  Can act as electron mediator 

22 BME Intro 



SyntheAc Biology 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Model 
•  A model  

–  formal representaAon of the real world 
– simplified abstract view of the complex reality. 

•  A simulaAon: implementaAon of a model over Ame.  

•  To design: the process of originaAng and developing a plan for 
a product 

•  A design: (Final) plan, e.g. model,  
descripAon, for the product 

24 david.gilbert@brunel.ac.uk  BME Intro 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Analysis & Reasoning 

•  A model may be used to permit (automated) 
reasoning about the object / system modelled. 

•  Predic@ve modelling: the use of a model to 
predict the behaviour of a system. 
– E.g. predict the effect of drugs on an organism 
– E.g. predict the effect of an inhibitor on a pathway 

BME Intro 



ValidaAon & VerificaAon 
•  ValidaSon – ‘You built the right product?’. 

–  Product / system accomplishes its intended 
requirements. 

– Model / simulaAon are accurate representaAons of 
the real world 

•  VerificaSon ‐  ‘You built the product right?’. 

–  System complies with its specificaAon 
– Model / simulaAon accurately represent the 
specificaAons 

26 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SyntheAc Biology development cycle 

27 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QualitaAve 

StochasAc  ConAnuous 

Approxima@on 

Molecules/Levels 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LTL 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DiscreteState Space  Con@nuous State Space 

Time‐free 

Timed,  
Quan@ta@ve 

Gilbert, Heiner and Lehrack. ``A Unifying Framework for Modelling and Analysing 
Biochemical Pathways Using Petri Nets.”  Proc CMSB 2007  

28 david.gilbert@brunel.ac.uk  BME Intro 



david.gilbert@brunel.ac.uk  29 

Case study: small model network 
RKIP inhibited ERK pathway 

Cho et al, CMSB03 

Protein 
(concentraAon) 

ReacAon 
+ rate 

BME 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QualitaAve Analysis 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ParAal order run 

Reachability graph 

BME Intro 



StochasAc DefiniAon 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1

Table 1 The reaction equation, rate function, and rate constants for each reaction (transition). For
better readability we use the abbreviations s1 ... s11 for the involved species. All reactions employ
mass action kinetics. Backward reactions constants are by two orders of magnitude smaller than
for the forward reactions.

# reaction equation rate function vi rate constant a

stochastic deterministic

r1 s1 + s2 → s3 c1· s1 · s2 c′1 = c1 · fs c1 = 0.53
r2 s3 → s1 + s2 c2· s3 c′2 = c2 c2 = 0.0072
r3 s3 + s9 → s4 c3· s3 · s9 c′3 = c3 · fs c3 = 0.625
r4 s4 → s3 + s9 c4· s4 c′4 = c4 c4 = 0.00245
r5 s4 → s1 + s5 + s6 c5· s4 c′5 = c5 c5 = 0.0315
r6 s5 + s7 → s8 c6· s5 · s7 c′6 = c6 · fs c6 = 0.8
r7 s8 → s5 + s7 c7· s8 c′7 = c7 c7 = 0.0075
r8 s8 → s7 + s9 c8· s8 c′8 = c8 c8 = 0.071
r9 s6 + s10 → s11 c9· s6 · s10 c′9 = c9 · fs c9 = 0.92
r10 s11 → s6 + s10 c10· s11 c′10 = c10 c10 = 0.00122
r11 s11 → s2 + s10 c11· s11 c′11 = c11 c11 = 0.87
a The stochastic and deterministic rate constants are equivalent for first-order reactions. fs is a
scaling factor to map the given mass in the continuous concentration onto a finite number of levels
(i.e tokens), with N being the highest level number, i.e. fs = mass/N.

BME Intro 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From qualitaAve to conAnuous 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StochasAc & DeterminisAc Behaviour 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BioModel Engineering 
•  The science of designing, 

construcAng and analyzing 
computaAonal models of biological 
systems 

•  A systemaAc and powerful extension 
of earlier mathemaAcal modeling 
approaches  

•  Applied in systems biology and 
syntheAc biology. 

•  Takes place at the interface of 
compuAng science, mathemaAcs, 
engineering and biology.  

•  A systemaAc approach for designing, 
construcAng and analyzing computaAonal 
models of biological systems.  

•  Some inspiraAon from efficient soxware 
engineering strategies.  

•  Not engineering biological systems per se, 
but 

–  describes their structure and 
behavior,  

–  in parAcular at the level of 
intracellular molecular processes,  

–  using computaAonal tools and 
techniques in a principled way.  

david.gilbert@brunel.ac.uk  38 

Rainer Breitling, David Gilbert, Monika Heiner, Richard Orton (2008). A structured approach for the engineering of biochemical network 
models, illustrated for signalling pathways. Briefings in BioinformaAcs 

David Gilbert, Rainer Breitling, Monika Heiner, Robin Donaldosn (2008) 
An introducAon to BioModel Engineering, illustrated for signal transducAon pathways, Proc WMC9, LNCS 

BME 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Why model? 
•  SimplisAc answers: 

–  Because it’s there… 
–  Why not? 

•  Technical answer: 
–  “The benefit of formal mathemaAcal models is that they can show whether 

proposed causal mechanisms are at least theoreAcally feasible and can help to 
suggest experiments that might further discriminate between alternaAves.” (Franks 
& Toxs, 1994) 

•  RealisAc answers: 
–  A computer model can generate new insights 
–  A computer model can make testable predicAons 
–  A computer model can test condiAons that may be difficult to study in the 

laboratory 
–  A computer model can rule out parAcular explanaAons for an experimental 

observaAon 
–  A computer model can help you idenAfy what’s right and wrong with your 

hypotheses (could/is the proposed mechanism correct) 
BME Intro 



david.gilbert@brunel.ac.uk  40 

How to model…Overview 

Identification 

‘Execution’ 

Definition Analysis Validation 
Yes No 

BME Intro 



Building computaAonal models 

1.  IdenAficaAon 
2.  ConstrucAon 
3.  ExecuAon, AnimaAon, SimulaAon 

4.  Analysis & interpretaAon 

5.  Management & development 

david.gilbert@brunel.ac.uk  41 BME 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1: IdenAficaAon 
•  IdenSfy the biological pathway to model (what) 

–  RKIP 
–  EGF and NGF acAvated MAPK 

•  Or, more importantly, idenSfy the biological quesSon to answer 
(why) 

–  What influence does the Raf Kinase Inhibitor Protein (RKIP) have 
on the Extracellular signal Regulated Kinase (ERK) signalling 
pathway? 

–  How do EGF and NGF cause differing responses in ERK 
acAvaAon, transient and sustained, respecAvely? 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2: ConstrucAon 
•  Construct topology 

–  Define all the proteins/molecules involved 
–  Define the reacAons they are involved in 
–  Where do you draw the model boundary line?  

•  Check literature 
–  What is known about the pathway and proteins? 
–  What evidence is there that protein A binds directly to protein B?  
–  Protein C also binds directly to protein B: does it compete with protein A or do they bind to 

protein B at different sites? 
–  Trust & Conflicts: it is important to recognize which evidence to trust and which to discard 

(talk to the people in the wet lab) 

•  Simplifying assumpSons 
–  Many biological processes are very complex and not fully understood 
–  Therefore, developing a model oxen involves making simplifying assumpAons 
–  For example, the acAvaAon of Raf by Ras is very complicated and not fully understood but it 

is oxen modelled as: 
•  Raf + Ras‐GTP = Raf/Ras‐GTP ‐> Raf‐x + Ras‐GTP 

–  Although this is a simplificaAon, it is able to explain the observed data 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3: ExecuAon, AnimaAon, SimulaAon 
•  RelaAvely straigh~orward step ‐ many soxware tools 

available for token game (animaAon),  to simulate 
differenAal equaAon based models, stochasAc models, … 

•  For example: 

–  BioNessie 
–  MatLab 
–  Copsai / Gepasi 
–  CellDesigner 
–  Jarnac 
–  WinScamp 
–  SPiM 
–  gillespie2 
–  Snoopy 
–  Many many more 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4: Analysis & InterpretaAon (1) 

•  ValidaSon: Do the model results match the 
experimental data?  
– Yes: validaAon 
– No: back to definiAon and check for errors 

• Simple typos 
• Wrong kineAcs 
• Over simplificaAons of processes 
• Missing components from the model 
•  Incorrect parameter data 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4: Analysis & InterpretaAon (2) 
•  PredicSon:  

–  What do the results imply or suggest? What do they tell us that is 
new and that we did not know/understand before? 

–  What predicAons can we make? (when modifying by drugs, 
condiAons, knockouts, knockdowns,…) 

•  SensiAvity analysis ‐ idenAfy the key steps and components in the 
pathway as well as monitoring how robust the system is: 
–  Vary an iniAal concentraAon or rate by a small amount and see 

what affect it has on the system as a whole: small changes in a key 
value are likely to have a large affect 

–  How robust is the system to changes?  
•  Knockout/knockdown experiments 

–  k/o components – (iniAal concentraAon := 0,…) to idenAfy which 
components are essenAal and which are redundant 

–  k/o reacAons (rate := 0,…) to idenAfy essenAal and redundant 
reacAons in the system 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System 

Model 

System 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Understanding 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SyntheAc Biology development cycle 

50 

validate 

construct 

verify 

construct 

verify 

construct 

modify 

modify 

Model  Biosystem 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5: Management & Development 

•  IdenSfying building blocks / submodels (modules) 

•  Database 
– models, model components 

– behaviours, 
– properAes, … 

•  Model Version control system 

•  Component reuse 

•  Model checking: 
Maintaining (temporal logic) properAes 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Model Searching 
Peaks at least once  

(rises then falls below 50% max 
concentraAon) 

P>=1[  ErkPP <= 0.50*max(ErkPP) ∧ d(ErkPP) > 0 U  
( ErkPP = max(ErkPP) ∧ F( ErkPP <= 0.50*max(ErkPP) ) )  ] 

•  Brown 

•  Kholodenko 

•  Schoeberl 

Rises and remains constant  

(99% max concentraAon) 
P>=1[ErkPP <= 0.50*max(ErkPP) ∧ ( d(ErkPP) > 0 ) U  

( G(ErkPP >= 0.99*max(ErkPP)) )  ] 

•  Levchenko 

Oscillates at least 4 Smes 
P>=1[  F( d(ErkPP) > 0 ∧ F( d(ErkPP) < 0 ∧ … ) )  ] 

•  Kholodenko 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BioNessie –BioModel Engineering environment 
Xuan Liu 

•  SBML (Systems Biology Markup Language) enabled.  
•  IntuiAve easy‐to‐use interface for biochemists & modellers.  Input biochemical equaAons. 

•  File storage in XML, SBML, text & graphics 

•  Pla~orm Independent – Java 

•  Parallel processing ‐ Efficient exploitaAon of available compute resources – mulAple core and 
mulAple CPUs, as well as Grid compuAng 

•  Editor, simulator, and analyser 

•  Model version control 

•  KineAc law library creaAon & management 

•  Fast efficient ODE solver (sAff & non‐sAff) 

•  (StochasAc solver) 

•  Parameter scanning 

•  SensiAvity analysis  

•  Parameter esAmaAon using a geneAc algorithm  

•  Advanced model checking (MC2 using PLTL) 

•  Module composiAon 

•  RelaAonal database connecAvity 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systems biology: modelling as formal knowledge representation

synthetic biology: modelling for system construction

biosystem
natural

biosystem
synthetic

observed
behaviour

predicted
behaviour

model
(blueprint)

desired
behaviour

design construction

verification verification

observed
behaviour

predicted
behaviour

wetlab

model-based
experiment design

experiments

formalizing
understanding

wetlab 
experiments

model
(knowledge)

BME: Systems & SyntheAc Biology 

Systems Biology: design and 
construcAon of models of 
exisAng biological systems, 
which explain observed 
properAes and predict the 
response to experimental 
intervenAons 

SyntheSc Biology: used as part 
of a general strategy for 
designing and construcAng 
syntheAc biological systems 
with novel funcAonaliAes. 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