=

UNIVERSITE D’EVREY
VAL D’ESSONNE

LaMI

Laboratoir e de MéthodesInformatiques

Modeling, Observability and experiment:
a casestudy

- Positive feedbackloop in a geneticregulatory network -

G. Bernot,J. Guespin-Mibel, A. Zemerline J.-P. Comet,
P. Amar F. Delaplace P. Ballet

email(s): {bernot, conet, del apl a, pa} @ am . uni v-evry. fr,
j ani ne. guespi n@ni v-rouen. fr,
{ Abdal | ah. Zem rli ne, pascal . bal | et} @Qini v-brest. fr

Rapport de Recherchen® 82-2002

Octobre2002

CNRS- Universitéd’Evry Val d'Essonne
523,PlacedesTerrasses
F-91000Evry France




Modelling, obsewability and experiment:
a casestudy.

- Positvefeedbackoopin a geneticregulatorynetwork -

G.Bernot, J. Guespin-Michdl, A. Zemirliné®, J.R Comet, P. Amar'*, F. Delaplacé, P. Ballef

Abstract

We proposeaninterdisciplinarymethodologyfor biological modellinginspiredby the designandvalidationof large
computingsystems.

To know if a modelfor biology canbe satisfactorilyvalidatedby a setof experimentsseemsto be a naturaland
necessargonstrainfor its definition. Defininga modelshouldgo with experimentamethodsandconditionsableto
validateor invalidateit. As in the designof large sizedsoftwaresye will distinguishtwo actiities : first to build an
accuratemodelspecifyingthe obsened behaiour, secondto designplansof experimentsto verify a posteriorithe
modelpredictions.

We wish to experiment,throughthe caseof the modellingof the mucusproductionby the bacteriumPseudomonas
aeruginosatheapplicationof this working methodology

1 Intr oduction

Biologists put a large numberof meaningsin the term “model”. Even when precisedas “mathematicaimodel”
we arefar from the unicity of meaning.One of the difficulties comesfrom the interdisciplinarityy alreadycontained
in the expression“a mathematicamodelin biology”. Who makesthe model,who is usingit, andfirst, whatis it
utility ? Most of the mathematicamodelsin biology are madeby mathematiciangbiomathematiciansphysicists,
or computerscientistgbioinformaticians).They usedataimportedfrom the literature(which have beenobtainedfor
anotherusage).The resultingmodel, publishedin journalswhich are not readby biologists, is in generalmadeto
point or explain someknown biological phenomenonsAt worst, they replacea phenomenologicatlescriptionby
a mathematicakxpression but they canalsogive (or elsesuggestla new explicative framevork for the biological
processtudied.If somebiologistshearsomethingaboutthatkind of model,they maybeinterestedn, but moreoften,
they do not seein whichway they canbe commited.Fromtheir point of view, the modelappeargo be oftenuseless
andmay involve alargerangeof reactionsfrom violentrejectto polite interest.

Corversely andalsorevealingthe lack of interdisciplinaryknowledge,somebiologiststhink that by giving to a
modelmakerdatathey have obtainedin someparticularcontext, this onewill putit into his magicbox andgetthe
explication, or even better a predictive tool for therapeutidssues. .Interdisciplinarityneedsnot only learninghow to
work togetherbut alsothe commondesignof usabletools. It demandsnoreaer thateachcontributorfindsascientific
interestworking togetherin otherwords,thatthe collaborationwill profit to bothdisciplines.

This is whereanalogybetweencomputingsystemsspecificatiorandmodellingin biology is involved (cf. anne).
In computersciencethedesignof systemgequiresto :

— specifyi.e. build arigorousmodelof thedesiredbehaiour of the future computingsystem

— verify in fineif a systemcorrespondso its specificationj.e. to the desiredbehaiour asdescribedy thetheo-

reticalmodelpreviously built.

This last actiity is mainly basedon sophisticatedsoftwaretest methods basedon testgenerationfrom model
theoriesThegoalis thento proposea setof experimentation®nthedeliveredsoftwarewhichis sufficientto establish,
by extrapolationsthatthetestedsoftwarewill have a behaiour compatiblewith its model.
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Within this framework, the notionsof operabilityandobsenability constitutea majorissue:

— the opembility is the capabilityto makea programrun somechooserpiecesof its internal code(in orderto
testthem),sometimeactivatedin rare,complex or very specificconfigurationslt is alsothe capabilityto make
a programmodify the value of variableshiddenin the very large setof datamanagedy the program.These
actionshave to be doneby only usingthe oftenlimited userinterfaceof thetestedprogram.

— theobservabilityis the capabilityto makethe effectsproducedby the previous manipulationsrisible, in order

to verify their correctnessccordingo the desiredmodelof behaiour.

Somemodelsor softwaresare not testable either becauseof a lack of operability or a lack of obsenability.
A necessarngtepto designa softwareis to know if a model can be validatedby a reasonnableizedset of tests
(experiments) Thereadercaneasilytranscribethis amgumentatiorto the caseof biologicalmodelling:

— opembility : whatwould be the utility of atoo muchdetailedmodelof somebiological entity if no biological

experimentof thosedetailscanbe done?

— observability: whatwould betheutility of anexperimentwhich cannotlet usobsere arevealingbehaiour ?

Somemathematicamodelsfor biology arenot very helpful becausef a lack of operabilityor obsenability. A
necessarfirst stepto proposea modelfor biology is to know if it canbe validatedby a setof biological experiments
atareasonnableost.

Henceagoodscientificapproachrequiresthata bio-informaticsmodelmustbe systematicallydeliveredwith a set
of experimentaimethods/conditionableto validatedor invalidateit. By usingthe samekind of theoriesdevelopedin
computersciencefor thevalidationandthe verificationof softwareswe wish to experiment throughthe casestudied
here,anew interdisciplinaryworking methodfor the modellingin biology.

The casewe will studyhereinvolvesatight couplingbetweerntwo mathematicatheoriesandonebiological pro-
cessA firstmodellingstep(alreadypublished) basednthemultistationnarittheory makesaninnovatinghypothesis
plausible(section2). A secondmathematicastep,basedontheformallogic in computerscienceallowedusto deter
mine the biological experimentssufiicient to validateor invalidatethe hypothesigsection 3). Thelongtermgoalis,
by extrapolatingthe resultsto someothersystemsto createa new tool importedfrom computerscienceallowing in
the onehandto bettercommitbiologistsin the modellingprocessy giving thema modelvalidationtool, andin the
otherhand,to increasehe scopeof analreadyusabletool in computerscience Of coursethis approachmeedsatight
collaboratiorbetweerbiologistsandmodelmakersThemodeldesignedhisway; is notonly ana posterioriexplaina-
tion attemptof resultsfrom biology, but a guidefor biological experimentationwhichwill bein finethedetermining
criterion.

2 The chosencase

The biological systemchosenis the productionof mucus(alginate)by the bacteriumPseudomonaaeruginosa
Bacteriaof this speciedo not generallyproducethis mucusif they have not experienceda sejourninsidethelungsof
patientssuffering from cystis fibrosis (productionwhich is the main causeof lethality in this disease)Not only do
thesebacteriaproducealginatein the patients’lungs, but they continuedoing so, more or lessstably onceextracted
from theselungs and cultivatedin the laboratory It is generallyadmittedthat mutationsarising inside theselungs
causetheability of thesebacteriato producethis mucusin otherconditions(cf. [1]).

But an otherhypothesishasbeenput forward, accordingto which the ability to produceor not alginatearetwo
stablestateghatarisefrom eachotherby anepigenetianodification,prior to the selectionof mutantg(cf. [2]).

A verysimplifiedmodelof theregulatorynetworkhasthusbeenconstructedcf. [2]) asdepictedn figure1. The3
variablesarez for the AlgU protein,y for the AlgU inhibitors,andz for thealginateproduction The4 arcs$ represent
theself-regulationof variablez (arcz — z), thetranscriptiorof thegenesncodingheantisigmdactors(arcy — z),
thetranscriptionof the genesnvolvedin alginateproduction(arcz — z)), andfinally theinhibition of AlgU by the
antisigmafactors(arcz — y). Two feedbackcircuits control AlgU, a positive feedbackoop at the transcriptional
level, anda negative feedbackcircuit involving the actiity of the Algu sigmafactor. The extreme simplification of
thismodelis directly relatecto thetheorythatsupportst, which stipulateghatfeedbaclcircuitsarethe only elements
thataredeterminant$or theemegenceof epigenesisfcf. [3]). It is thereforestipulatedhattheotherknown regulatory
interactionsareof minor importancewith regardto the questionof the existenceof anepigenetianodification.

Sthearrowsin figurel



Note : the left side of the picture (a) shawvs the activation (4) or the inhibition (—) betweenthe genes(resp.proteins)of the
network.Theright side(b), eacharcis labelledwith theminimalvalueof thethresholdfor whichthisaction(activationor inhibition)
is triggered.

Thevariablesneans z AlgU protein,y antisigmafactor, z mucussynthesis.

Fic. 1. Geneticnetwork regulating the productionof mucus (alginate) by the bacteriumPseudomonaserugi-
nosgsimplifiedmodel)

This modelcanbe studiedby a systemof differentialequationsor by generalisedogical analysig(cf. [4]), which
waschoserbecausef thelack of known valuesfor theinteractionparametersio summarisewhenvariablez interacts
with variabley, thecurvethatrepresentg asafunctionof thelevel of z is asigmoid.This sigmoiddefinesathreshold
S(z,y) (cf. figure 2-a). Similarly theinfluenceof z on anothervariablez definesanotherthresholdS,, . (cf. figure
2-b). Thetwo thresholdsaregenerallydifferentandleadto threedifferentpossiblebehaioursof variablez depending
whetherit is below boththresholdsbetweerthemor above them(cf. figure 2-c). Thusit is possibleto ascribediscrete
valuesto thedifferentlevelsof variablez. Thenthethresholdsorrespondo interactionvaluesbetweerthevariables.
In orderto describethat AlgU mustbe presentabore threshold2 to trigger the expressionof the alginategenesit
will be notedin the graphz _2 +, z (cf. figure 1-b). Whenan arc canbe skipped,i.e. whenthe conditionson the
level of the variableare set,the evolution of the systemmustbe describedIn otherwords,we have specifythelevel
reachedy avariablev asafunctionof thelevelsof the othervariableghatinfluenceit (cf. figure1). Thesevaluesare
representetdy function K.

In our model,two feedbaclcircuitsco-eist. Thefirst one(positivefeedbackoop z — z) is anecessargondition
for the existenceof two stablestates if z is high, it is self-maintainedif it is below thefirst thresholdjt remainsso.
The negative feedbackceircuit canswitch the systemtoward one or the other of thesestablestatesdependingon its
strength(i.e dependingn function K).

A mathematicabtudy of this model (cf. [2]) hasshavn thatthe epigenetichypothesigthe possibility that two
stablestatesmay exist dependingon the previous history of the system)is coherentandthat biologically consistent
valuesof K s canleadto propertieghatarepreciselythoseof the systemBut thereis moreto it. For instancet canbe
predictedhat,if thehypothesiss true,apulseof Algu will suffice to switchthebacteriao amucoidstate Themodel
is thuspredictive aswell asexplanatory

The questionthat we will addressereis : if suchan experimentsucceedsif a pulseof AlgU is ableto induce
mucusproduction,or at leastthe expressionof the first genesinvolved in mucusproduction,will this be sufficient
to prove the underlyinghypothesisof epigeneticmodification? Inversely if this experimentfails, will it prove the
unreliability of the epigenetichypothesisn this case?
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FiG. 2: Influenceof thevariablez onthevariablesy, z

3 Formal logic to proposeexperiments

In this part,we outline the generaimethodologythroughthe exampleof the productionof mucusin the bacterium
Pseudomonaaeruginosaescribedn section2. Althoughthe mathematicaproofsareinformally presentedthey can
all be formally performedon a computerIndeeda modelis usedto establishpropertieson a systemto expressand
handlethesepropertiesn orderto extractsomenontrivial otherones.It is thusnecessaryo formalisethe properties
in sucha mannerthatthey areeasyto handleby a computer The objective laid down hererelatesto the generation
of scenariiof experimentsjn which time playsa centralpart. We arenecessarilconfrontedwith the concepiof time
whenwe wantto expresspropertiesof the systemin thefuture. Theseconstraintdeadnaturallyto temporallogics (cf.
[5], [6] for ageneradescriptionof temporallogics).

More preciselywe wantto prove that,in thepresencef y, it is possibleto have arecurrenttatein whichmucus
is produced By constructionof the graph,y is presentandthe topology of the graphwas biologically validatedas
well asthe signsof interaction.Only the thresholdsand the valuesof the function K caninvolve several different
behaiours. Thuswe only have to shaw thatthe valuesof the thresholdsandfunction K for the studiedorganismare
suchthatthe bacteriumcanpassin astatewherez is expressedn arecurrentvay.

Thelanguageof temporalogicsoffersthetraditionalconnectorsuchasfor example the“or”, notedv, the“and”,
notedA, theimplication noted—. It alsooffers connectorgarticularto this type of logic which relateto time. We
canfor example createthe connectorF,, which meansthat the formula which follows the connectoiis true in the
“strict future”. We call here“strict future” the future startingaftera certainamountof time. This amountof time must
be chooseraccordingo biologicalconsiderationsn the studiedsystem.

Oncethe modelhasbeenmathematicallydefined,it is necessaryo establishthe formulaeto be provenwith this
formalism.We wantto prove that,in the modelwhich we considerif ata giventime the bacteriumn a mucousstate,
thenlater(in a strictfuture)it will beagainin a mucousstate From previousexperimentsve know thatthethreshold
associateavith the interactionz — z is equalto 2, andwe know by constructionthatthe oneassociatedo y — =
is 1 (y hasinfluenceonly on z, thereforethereis only onethresholdfor y). On the otherhandwe do not know the
thresholdof thearcsz — z andz — y. In otherwords,we do not know the relative quantitiesof the variablez
necessaryo obtaina self-inductioneffect, aneffect ony, or acombinedeffect. So,we wantto prove with experiments
thatthe relative forcesof thesetwo circuits, usedby the bacteriumaresuchthatit is possibleto makerecurrentthe
state(z = 2), whichis written as:

(z=2) = F,(z=2)

Any scenariowvhich teststhis formula muststartsby assigning(artificially if necessary? to z. In the oppositecase,
thefirst part of the formulais false,which involvesthatall the formulais true whatever the value of the secondpart
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TAB. 1: Truthtableof p = ¢

of theformulais. Thisis easyto deducefrom table 1 by a simplealgorithm. The scenarioof experimentss thusthe
following:
1. Startby imposing(z = 2).
2. Wait alapseof time, thentestthe mucousstate.
— If thebacteriumis notin a mucousstate thenthe experimenta priori fails.

— If the bacteriumis in a mucousstate(thusz = 2) stopthe experiment,becausedhe precedingformulais
reentrantwhich meanghatif is trueatagiventime, thenit impliesthatit will betrueagainin thefuture.

More precisely attimetq, we imposez = 2, by theformula, the experimenttells usthatthereexistst; = to + d
(whered is anamountof time), suchthatz = 2. By makinga shift of the origin of time, we canthenaffirm thatthere
existsty = t; 4+ d suchthatz = 2...

By iterating this formula, we show that the mucousstatereachedby the bacteriumis recurrent.The scenario,
sufficientto prove thetheorem|js thusthefollowing :

1. boostz by anexternalinterventionuntil it reachests maximalvalue(2),

2. wait long enough(to be surethatwe arenotary morein theinitial condition,i.e. to be surethat the transient
phasedueto theinitial boostis past)andtestif we meeta mucousstateagain,i.e.z = 2.

If step2 is successfuthenthe experimentprove thatthe mucousstatecanbe a steadystatein the presenc®f y. Thus
it canbe anepigenetigghenomenon.

Operability and observability - Thenext questionis then,is this predictionamenabléo experimentationis it both
operableandobsenable? In otherwords,is it possibleto raisez up to 2, thenquit the conditionsthat have allowed
this, andobsene the productionof mucusin the“strict future”?

Indeed thereare several waysto increaser without introducingthe bacteriainside the lungsof a cystic fibrotic
patient.For instancepnecanintroduceinto wild type cells of Pseudomonaaeruginosaa plasmidwheregenealgu
would beunderthe controlof anartificially induciblepromoter A shortpulseof expressiorof thisgenewouldleadto
anatrtificial increaseof theamountof proteinAlgU insidethecell.

To obsene the resultsof this experiment,againseveral experimentaldevices are currently available, either by
measuringhe mucusproducedpr, moreeasilyby measuringexpressionof thefirst geneof thealginatebiosynthesis
chain(genealgD).

Limits of the approach- Thegraphonwhich the modelis basedfigure 1) is actuallyonly a subgraptof a more
generalgraphshaowing all the variablesof the organism.So it would be necessaryo considerall the interactions
with the neglectedpart of the generalgraph.Having neglectedthe outgoingarcs of the graphdoesnot have ary
consequencesincewe areonly interestedn the subsysteninvolving the productionof mucus.On the otherhand,
having negglectedthe arcsenteringthis subsystentanhave animportantimpact.By constructiornof the graph,some
situationscanbeeliminated.

1. By definitionof z, the only arccontrolling z is the onewe takeinto account z — z, andthusit doesnot exist
ary otherenteringarcon z.

2. All thearcswhichwerenot consideredn the modelbut which controlz or y arenotinvolvedin a circuit. The
numberof steadystatesdoesnot changeg(cf. [7]).

3. If therearearcsenteringon z andy whoseinfluencedoesnot vary, the only consequencef having extracted
a subgraphis to shift the variousthresholdsassociatedvith the variablesz andy. The systemwill have other
valuesfor the thresholdsandpossiblyfor the function K, but the variableswill alwaysbe discretisedhe same
way. Thus,the satisfiabilityof the formularemainghe same.



Only onecaseremainsawkward: whenregulatorsexternalto this subgraph(on z andy) have aninfluencewhich
variesin time. The studypresentedieremakesheassumptiorthatthesenfluencesarenggligible. Thiswork remains
valid undertheassumptiorthata meige of the subgraphnto the globalgraphhave constaninfluenceonthevariables
z andy.

Lastly, let usrecallthatthe amountof time mentionedabove betweerstepl andstep? of the experimentremains
empirical.

4 Conclusion

Theinterdisciplinarywork undertakerby our working groupin genopole® givesa methodologicaframework to
definemodelsincludingatool kit for experimentalalidation/refuition. This way, our work resolutelyreinforceshe
modellingactiity. It increasedts credibility with respecto themistrustwhich it causesn biology. Indeed following
aPopperiarapproachthis methodologyofferstheopportunityto stronglyandproperlylink themodellingactivity and
the experimentalactivity, whichis centralin biology.

To establishsuchanapproachequiresatheorywhich fixestherulesallowing to reasorfrom a model. Thetheory
introducedhereis tempoal logic, usuallyemployedor thelogical analysisof thediscretedynamicsystemsn compu-
ter science Accordingto this theory our casestudyprovesthata discretequalitative modelof geneexpressiorbased
onthework of RenéThomasfulfills the methodologicatequirementmentionedlt makest possibleto determinejn
acomputeraidedmanneyaprotocolof experimentatiorto prove or refutetheepigenetiassumptiomescribedy this
model(section3).

Becauseur approachs inspiredby the softwareengineeringestingmethodsthis suggestshatwe canautomate
it, in otherwords,that we canprovide softwareassistantsor the designof biological models.We have shovn the
feasibility of the approachon the Pseudomonaaeruginosaxample.Realizingthesesoftwareassistantsn a more
generakettingrequiresto continueour investigationson the applicationof formal methodfrom computerscienceto
life science.

Annex : modelling and obsewability

The actiity of modellingin life sciencesasin otherscienceshasto extract from a necessarilyfinishedset of
biological obsenations,a mathematicatepresentatioexpressinga generallyinfinite setof behaiours. The a priori
infinite setof behaiors capturedoy a modelrely for instanceon the infinity of the possiblevaluesof the parameters
(reflectingin particularthepossibleconditionsof experiment) theinfinity of thepossiblescenariiof simulation,etc.To
befruitful, theactivity of modellingshouldanswerseveral difficult questionsuchas: Is suchor suchmodelof good
quality? accordingto which precisecriterionis it betterthananother? Giventwo modelswhich do not contradictary
effective obsenation but which have differentinternalbehaiours, which one providesthe betterexplanatoryview ?
Modelling aphenomenorin orderto understandt, necessarilyequiresseveral abstractionsThereforet requiresthe
approximationof detailsandthe reductionof the numberof interactingobjects.Consequentlyit is not reasonabl¢o
imaginethata modelcanexactly represena reality.

Biological compleity is far toorich, internalmechanismaretoo badly known, andinternalandexternalinterac-
tions, atall thescalesarenonforeseeabldn addition,the majority of the elementaryiaws choserfor the model,and
their parametersarenot directly establishedn vivo. They canbe extrapolatedrom anorganismto anotheyobtained
from in vitro constantsandsometimesvenroughlyfixed. Thus,every modelof a biologicalphenomenoiis falseby
construction.

So,whatis thentheinterestto modela complex phenomenomvhenthe capacityof predictionis soquestionable,
accordingto the simplestelementaryscientific doubt? Even badly, if a model answersthe behaiours for which
it hasbeenbuilt thenit doesnot prove arything. The model canfail a priori in relationto ary future biological
experimentationwhich would reveal a new behaiour. In practice,suchcaseshave often the advantageto destroya
dogma,but this leadsto this question: How to preventa new modelto implicitly reinforcethetendeng to replacea
dogmaby another?

Theseinterrogationshow thattheactivity of modellingrequireso evaluatethelimits of ary model.Nevertheless,
they shouldnot dissuadehe biologistto makeuseof this tool which provedreliable,andacquireda major notoriety
andusefulnessn engineeringsThe constructiorof amodelbecomesvell foundedif it followsthe approactof Karl



Popperaccordingto which scienceprogresseby conjectureandrefutationg8]. A majorcriterionfor anassumption
to bein thescopeof sciencas its falsifiability. If onedetectsaninternalbehaiour of themodelwhichis notconsistant,
or anexternalbehaiour which contradictsa biologicalexperiment thenonecanreview the modelandimprove it.

Somebehaiours of a modelaredirectlogical consequencesf known phenomendiologically validated.Some
othersareextrapolationgntroducedby themodelmakerwith theaim of building ageneraimodelwhichis notonly an
enumeratiorof known particularcasespr with theaim of testinga scientificassumptiomonaccessibla anintuitive
way. In all casesmodellingimplies to makeassumptionsnd conjecturedor the behaiour of the model. These
assumptionsrethe weaknesf the modelswhich one shouldsystematicallytry to validateby attackingthem by
biological experimentsandwell choosersimulations But they canalsobethe sourceof major projectionsmakingit
possibleto betterunderstandhe processandpredictoriginal propertiesThus,evenif theresultsproducingscientific
adwancesarengyative results highlighting errorsof a model,it remainsthatthe morea modelresiststo attackswhich
try to refuteit, themoreit is interestingandvaluable.

A goodmodelling mustthus not only clarify its assumptionsut alsothe conditionsandthe protocolsusedto
obsene thebehaiours. Every modelwould prove to befalseassoonasthe capacityof obsenationis increasede.g.
whenonecanobsene smallparticlesathigh speedthemechanic®f Newton hasto bereplacedy the Einsteintheory
of relativity). Indeed,mary falsepropertiesappeaintrinsically irrefutablefor lack of obsenability ! The obseration
of the behaiours is limited, even more in biology where certainpropertieshaving however a strongexplanatory
importancecannotbe obsened. Consequentlyfor theassumptionandthe conjectureselatedto the model,we must
systematicallytry to producgudiciousobsenableconsequencesf themto makeexperimentsWe have to choosehe
obsenableconsequenceshich optimizethe chancef refutation.

An effective obsenability mustaim at refuting a model. It musttry to reveal its internal inconsistenciesfind
contradictionsvith othermodelssupposedo be compatiblewith it, or exhibit predictedbehaiourswhich differ from
biologicalreality.

Oncea model hasbeenformalized,its relatedassumptionspecifiedandits intrinsically obsenable properties
defined,onetheoreticallycan usea data-processingrogrambasedon formal logic to determinethe choiceof the
experimentf refutation to evaluatethelevel of testabilityof certainassumptiongp ensureacertainlevel of covering
of the setof refutationsto point out non coveredgenericcasesetc.Indeed thesecomputeraidedtools alreadyexists
in the softwaretestingactivity. A strongsimilarity exists betweensoftwaretestingand the refutationof biological
models:

1. Theactvity of modellingextrapolatesa modelfrom a reasonableumberof biological experimentsandtries
to give a certainconfidencethatthis modelis conformto the reality. The activity of testinga softwaretriesto
extrapolatefrom areasonabl@umberof testsa certainconfidencen its conformitywith the specifications.

2. Theassumption®f modellingmainly rely on certainregularitiesor uniformities of the real behaiours. The
assumption®f softwaretestingconsistin consideringthat eachtestrepresents whole setof testsuniformly
sharingits behaiour.

3. Biological obsenability is limited by instrumentationethics,etc. The obsenability of a softwareis limited by
the input/output peripheralge.g. screen)andto the memorystateswhich can be accessediuring the testing
activity.

A testof softwareproceeddy, first, selectingestscenariifrom the specificatiorof whatthe softwareis supposed
to do, secondgcarryingout on the computerthe selectedests third, analysetheresultsof theseteststo determinehe
partsof the softwarewhichfail, andfinally, makecorrectiondo thesoftware Modellingin biologywill find aninterest
to operateén away similarto softwaretesting.By analogy whatcomputeiscientistscall “the level of specification’is
similarto thebiologicallevel of descriptionThenotionof “softwaretestability” canhelpto install suitableconditions
of experimentand/orsimulation. This analogyenforcesthe importanceof a well choosenlevel of descriptionand
abstractionaccordingto the level of possibleobsenations.In the analysisand the comprehensiomf a biological
phenomenonra carefuldefinitionof whatis obsenablecouldbethekey to properlydefinethelevel of description.
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