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Abstract. It often occursthat a systemcan be describedby ser-

eral competingmodels.In orderto distinguishamongthe alterna-
tive models,further information aboutthe behaior of the system
is required.Oneway to obtainsuchinformationis to performsuit-

ably chosenperturbationexperiments.We introducea methodfor

the selectionof optimal perturbationexperimentgor discrimination
amonga setof dynamicalmodels.The modelsareassumedo have

theform of semi-quantitatie differentialequationsThemethodem-
ploys an optimizationcriterion basedon the entrofy measuref in-

formation.

1 Intr oduction

Scientistandengineersrefrequentlyfacedwith situationsn which

agivensystemcanbedescribedy seseral competingnodels When
analyzingthe synthesigateof a productin a catalizedchemicalre-

action,onemayendup with severalequationghatall satisfya setof

measurementd 3]. For the mitotic clock of earlyembryos.adozen
of modelspredictingthe obsered periodicbehaior of the concen-
trationsof key proteinshave beensuggested)].

In orderto identify which of the given modelsbestdescribeghe
actual situation, new obserations have to be made.Thesecan be
obtainedby performingsupplementaryerturbatiorexperimentsin
a perturbationexperimentthe structureof the systemand/orthe ex-
perimentakonditionsarechangedAn experimentdiscriminatese-
tweenthecompetingmodels;if the predictionsof someof the candi-
dateswhich have beenproperlymodifiedto reflecttheexperimental
changefit the newly obtaineddatawhereasothersdo not. The prob-
lem of modeldiscriminationcanthenbe definedasthe problemof
selectingan experimentthat givesrise to obserationsmatchingthe
predictionsof asfew of themodelsaspossible.

The imprecision of measurementin the experiments,and the
complity of the systemto be understooddo not always permit
detailedquantitatve analysego be performed.To dealwith this, we
assumehatthemodelsaregivenin theform of semi-quantitatie dif-
ferentialequationsPredictionsin theform of intenalsfor themodel
variablesarederivedby meanf semi-quantitatie simulationtech-
nigues Measurementareconsideredo beintervalsaswell.

We presenta methodfor the systematicchoice of perturbation
experimentsfor the discriminationof semi-quantitatie dynamical
models.Experimentsareselectedbn the basisof a generalizatiorof
an entropy criterion suggestedy Box & Hill [2], which measures

the informationincrementprovided by eachexperiment.The con-
ceptof entroy asa discriminationcriterion hasalso beenusedin

statistics(e.g.[10]), andin model-basedliagnosis(e.g.[4, 12]). A

novel aspectof our work is that we extendthis conceptto the case
of perturbationexperimentsandto situationsin which experimen-
tal systemsaredescribediy nonlinear semi-quantitatie dynamical
models.

Thein-principleapplicabilityof ourapproachsiillustratedonaset
of competingnodelsof anoscillatory second-ordesystemWe will
considersix modelsof amass-springystemandillustratethechoice
of suitableperturbationgo discriminatebetweenthe models.The
principlesinvolvedin this exampleareapplicableto theinvestigation
of morecomple andlessunderstoodscillatingsystems.

Thepresentatiorstartswith adescriptionof the problemof model
discrimination.A numberof basicconceptsare introducedandthe
relationshipbetweermmodelsandexperimentss given. Thecriterion
for choosinga maximally-discriminatingperturbatioris describedn
Sec.3. In Sec.4, the applicationof the methodis illustratedon the
example.Sec.5 discussedimitations andextensionsof our method,
in thecontext of relatedwork in statisticsandmodel-basediagnosis.

2 Model discrimination by perturbation
experiments

The systemsawve will be concernedwith in this paperare (physical)
systemgontrolledin experimentsalsocalledexperimentakystems
An example of an experimentalsystemsis a cell culture allowed
to grow undercontrolledervironmentalconditions,including nutri-
entsupplyandtemperatureControl over an experimentalsystemis
achieved by creatingandmaintainingits structureandby regulating
the experimentalconditionsunderwhich the behaior of the system
evolves.

Supposea set M of modelsof an experimentalsystemhasbeen
proposedLet p(m;) bethe a priori probability of m; € M being
the correctmodel of the system.The probabilitiescan be derived
from preliminaryobsenrationson the systembehaior or theoretical
considerationdf noprior knowledgeabouttherelative plausibilities
of themodelsexists,equalprobabilitiesareassumedwe saythatthe
modelsin M are competing M is assumedo be complete thatis,
2 mgens P(ma) = 1.

In this paperwe will model experimentalsystemsby meansof
semi-quantitatie differentialequation{SQDESs) thatis, qualitatve



(m1) QV (&) = QV (v

QV (v) (m2) QV (&) = QV (v
QV(d) = QV(a)
QV(

)
QV(0) = QV(a)
(

LS
=
T m

Figurel. Dampedmass-springystemandtwo QDEsm; andmy describingthe system(for the notation,see[14]). Thevariablesreferto thepositionz,
velocity v, acceleratior, massm, gravity constant, initial springelongatiori andfriction constant. Thefollowing interals completethe QDEsto SQDEs:
range(m) € [2.95,3.05], range(g) = [9.83,9.83], range(l) = [5.8, 6.0], range(c) = [0.3,0.4]. Theinitial valuesfor the positionandthevelocity are
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Figure2. SQBsdervedfrom m; (Fig.1). TheSQBin (b) is obtainedafteraperturbatiorof m1, increasingheinitial velocityto [1.9, 2.1].

differentialequationfQDEs)enhancedvith numericalinformation.
The quantitatve information completinga QDE takes the form of

numericarangesaddedo landmarksandof envelopesor monotonic
functionconstraintg1]. Fig. 1 shavstwo SQDEsdescribingasimple
mass-springsystem.The modelsassumethat the forcesplaying a
rolein theexperimentarea springforceandafriction force,but they

differ in theprecisenatureascribedo theformer.

To distinguishbetweenthe models,additionalinformation about
the systemis required. This information can be obtainedby per
forming a suitablychoserperturbatiorexperimentIn aperturbation
experimentthe systemstructureor the experimentalconditionsare
modified. The changeave to be reflectedon the competingmod-
elsin sucha way that the operationson a model correspondwith
perturbation®f the experimentakystem(Fig. 3).

perturbation prediction

model——» perturbed——» Predictions
model
execution
perturbation of experiment
experimental——— perturbed—— observations
system experimental system

Figure3. Correspondenceetweerperturbatiorexperimentsandmodel
perturbations.

In orderto predictthe consequencesf a perturbationwe employ
thesemi-quantitatie simulationtechnique2andQ3[1, 8]. Q2and
Q3 exploit the semi-quantitatie informationin an SQDEto refinea
qualitatve behaior treeproducedoy QSIM. More specifically they
rule out qualitative behaiors or transformqualitatve behaiors into
semi-quantitatie behaiors (SQBs)in which the qualitative values
are annotatedvith numericalranges.Fig. 2 shaws the oscillations
predictedby modelm;, beforeandaftera perturbatiorthatconsists
in releasinghe objectwith nonzerainitial velocity.

A semi-quantitatie behaior is a predictionof the interval value
of the variablesat the distinguishedime-points the time-pointsat
which somevariablechangests qualitatve value. For instancethe
SQBIin Fig. 2(a) shawvs thatat t3, thetime-pointat which z reaches
its maximumfor the first time, the value of z lies in the interval
[—0.94, —0.51].

In additionto predictionsof thevalueof avariableatatime-point,
we might be interestedn the differencein value of a variable be-
fore andafteraperturbationPredictionof therelative intenal value
of variablescanbe obtainedby subtractinghe predictionsat corre-
spondingdistinguishedime-pointsin the behaior beforeandafter
a perturbation so-calledmeaningfulpairs of comparisor{3]. As a
consequencef the useof semi-quantitatie information, thesepre-
dictionsmaybewealerthannecessaryWe usethecomparatie anal-
ysis techniqueSQCA to obtain more precisepredictions[14]. The
informationin Fig. 2 allows oneto infer, by subtractingangesthat
the differencei — « at the pair of comparison(ts, £4) lies in the
interval [—0.97, —0.19]. 4 andf referto variablesin the perturbed
system.Application of SQCA refinesthis predictionby narraving
theinterval to [—0.93, —0.19].

The amplitudein the behaior of the perturbedmass-springys-
tem, or the differencein amplitudein the behaiors of the perturbed
and unperturbedsystems are examplesof behavioral featuresthat
help in discriminatingcompetingmodelsof a system.A predicted
behaioral featureis aninterval value calculatedfrom a setof pre-
dictionsby meansof an arithmeticfunction. This may simply be a
predictedvalueor arelative value,asin the caseof a predictedam-
plitude.A lesstrivial featureis thefrequeng of anoscillation,which
canbecalculatedrom theintenal rangesof the distinguishedime-
pointsof two successie maxima.

Predictedbehaioral featuresneedto correspondwith obsered
behaioral featuresof the system.Thatis, it shouldbe possibleto
relatea predictedbehaioral featureto somedirector indirect mea-
suremenbf quantitiesof the system.As measurementwill be as-
sumedo have theform of confidencentervals obseredbehaioral
featuresareintenals.

The resultsof a perturbationexperimentcan be usedto recom-
putethe probabilitiesof the competingnodels.Modelsof whichthe
predictionsdo not agreewith the obserationswill have ana poste-
riori probability equalto 0. The modeldiscriminationproblemcan
now beintuitively statedasfollows: find the experimentwith values
for the obsened behaioral featuresthat make a maximumnumber
of modelsimprobableln thenext sectionwe elaboratehis intuition
by meansof anapproactbasedn conceptsrom informationtheory



3 Method for the selectionof perturbation
experiments

We will beinterestedn finding the perturbatioryielding the highest
incrementin information[2]. Considera behaioral featureY”, with

intenal valuesin D C R. Lete € E bea perturbationexperiment,
whoseoutcomeyieldsavalueY® = [y® — €/2, y® + ¢/2] of thebe-

havioral feature wherey® is themidpointof theintenal Y° ande is

the sizeof the confidenceantenal for Y. The informationincrement
of e is formulatedas

AH(e) = — Z p(ms) Inp(m;) +

m;EM

> plmi [ Y Inp(m; | Y°), (1)
m; €M
wherep(m;) andp(m; | Y¢) arethea priori anda posterioriproba-
bilities of m;. A H reached#ts maximumwhentheaposterioriproba-
bilities of all modelsbut oneare0. A minimal valueis attainedvhen
thea posterioriprobabilitiesareequal.

Thep(m; | Y¢)sin (1) arenotknown, sincethey aredetermined
by the outcomeof the experiment.However, we canexpressthe ex-
pectedvalueof AH in termsof the probabilitydistributionSg{e Y3
of thebehaioral featureY . For brevity, g5 insteadof g{e Y} will be
usedif no confusionaboutthe behaioral featurebeing considered
is possible. Thevalueof Y predictedby m; underperturbatiore is
anintenal V;° C D, with distributiongf : D — R, definedas

follows
I[y—5 Y+ ]ﬂVeI B .
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where| - | denotesnintenal length.g; (y) expressesheprobability
thatthe empirically-determinedalueof Y is [y — €/2,y + ¢/2] if

modelm; is thecorrectmodel.(2) canbe replacedoy the following

equialentexpressionwherethe g s aredefinedaspiecavise-linear
functions:
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andV;® andV¢ denotethelower andthe upperboundof Vi, respec-
tively. Fig. 4 illustratesthefunctiong$ for anexperimente consisting
of replacingthe objectin the mass-springystemby alighter object.
Thebehaioral featurein this casels theintenval valuefor theampli-
tudeof thesystem.

Call the expectedvalue of the informationincrementA J(e). By
definition,

AJ(e) = AH(e)g®(y)dy, (4)

yeD

whereg®(y) = >_,,.. car P(mi)gi (y). By substitutingthe expres-
sionfor AH (e) in (4) we get,

AIE)= Y pmd) [ @Y plms | V) Iaplms )
— Y p(my)np(my)}dy, (5)
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Figure4. A plot of thefunction g for theamplitudeof themass-spring
systemin anexperimentconsistingof replacingthe objectby alighter object
(e4 in thenext section).The predictionof modelmg (Fig. 6) perturbed

accordingio this experimentis V£ = [0.46,0.67], ande = 0.1.

whereY = [y — e/2,y + ¢/2] and
p(m;)g5 (y)
m; =—— 6
( J | ) ge(y) ( )
via the Bayesrule. Combinationof (5) and(6) gives,afteralgebraic
simplification,
e i (1)
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The optimal next experimentto performis the onefor which (7)
is maximized.Intuitively, the criterionfavors experimentsfor which
the correspondingnodel perturbationresultsin predictedintervals
for the behaioral featurethat overlapaslittle aspossible.On aver-
age,lessoverlapof theintervalswill increaseghechancehatamea-
suremenbf the featurediscriminatesbetweenthe models.This can
be illustratedby meansof the predictionsof the relatve amplitude
by threealternatve, equiprobablenodelsof the mass-springystem.
Considerthe caseof a perturbatione; replacingthe mediumwith
analmostfrictionlessmedium(settingc to 0), anda perturbatiores
increasinghe massto [11.95, 12.05] (seeFig. 5). The expectedin-
formationincrementis higherfor es, asthe predictedntenals have
lessoverlap.
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Figure5. Two setsof predictecbehaioral featureqrelatve intenal values

for theamplitude).n () V31, V51 andV;* areobtainedrom s, ms and

ms, With perturbationsiccordingo e (seenext section).In (b) V;?’ , VS53

andV;® areobtainedrom thesamemodelswith perturbationsiccordingto
e3. AJ(e1) =0.0176 in (a),andAJ(e3) = 0.1246 in (b).

If several behaioral featuresYs, ... ,Y) aretakeninto account,
theformulain (7) remainsunchangedgxceptfor replacingy by y, D
by D = D x... Dy, thedistributionsg; (v) by joint probabilitydis-
tributions g Vi Vi) (y), andthe integral by a multiple integral.
Intuitively, the criterion now tries to maximizethe non-overlapping
partsof the k-dimensionaboxesin D thataredefinedby thevalues
for thebehaioral featuregredictedby the m;s.

The soundnesof the simulation algorithmsreferredto above
guaranteeshat the modelswill never be falsely discriminated.If
the measuremenof the correspondingbsenred behaioral feature
is correct,this implies that a modelwill never be rejectedon false
groundsHowever, asa consequencef theincompletenessf theal-
gorithms,competingmodelsmayfail to bediscriminatedwvhile they
shouldbe.

On the basisof the selectioncriterion, a simplealgorithmcanbe
imaginedto identify the modelfrom M (if ary) that bestdescribes
therealsystemby meansof aminimal numberof experimentsLet 0
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Figure6. Modelsmg-mg togethemwith m; andms in Fig. 1 form asetof competingmodelsfor the mass-springystemModelsm; andms assumeinear
springforce.Modelsmy andmy assumesoft springforces(the stiffnessof the springdecreasewith thedisplacement)while the springforcein ms andms
is hard(the stiffnessincreasesvith the displacement)in m1, m2 andms theacceleratiordependsinearly onthevelocity Themodelsms, m4 andmsg
assumejuadraticdependenc The meaningof thevariablesandtheconstraintdor QV (¢) and QV (v) is thesameasin Fig. 1.
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Table 1.

(a) Predictiondor featurefi, theintenal valuefor theamplitudederived from themodelsfor the perturbations:1, - - -

,e5. (b) Thevaluesof A.J

computedor all perturbationsand(c) somevaluesof AJ afterapplicationof e4 (seetext).

beanumberetweerD andl, determininghethresholdabose which
we consideramodelto bethebestrepresentatioof thesystemThat
is, m; is assumedo bestdescribethe systemif p(m;) > 6. Let
p(m;) betheapriori probabilitiesof themodelsand £ a setof pre-
definedperturbatiorexperiments.

while (3m; € M : p(m;) # 0andVm; € M : p(m;) < 0
and not E empty)do
determines € E for which AJ(e) is maximal
performexperimentcorrespondingo e, determiney™®
computethe a posterioriprobabilitiesp(m;|Y ©)
setp(m;) to p(m;[Y°)
remove e from E

The algorithmselectsperturbationexperimentsuntil oneof the fol-

lowing happensamodelhasa suficiently high probability, all mod-
elshave zeroprobabilities,or all possibleexperimentshave beenex-

ecuted.If the algorithmterminateswith p(m;) = 0 for all models,
ohviously theassumptiorfor completenessf M is violated.

4 Example and evaluation

Considerthe six modelsof a mass-springystemlistedin Fig. 1 and
Fig. 6 [11]. The modelsdiffer in the termsfor the spring and the
friction force. The experimentconsistdn stretchingandthenreleas-
ing the spring. Assumethe following perturbationexperimentscan
beperformede; : replacethe mediumby anapproximatelyfriction-

lessmedium(c = 0); ea: replacethe mediumby a more compact
medium(c = [2.85, 3.15]); es: testwith aheavier objecthaving mass
[11.95,12.05]; e4: testwith a lighter objecthaving mass[0.7, 0.8];

es: releasaheobjectwith initial velocity [1.9, 2.2].

We considerfour behaioral features:Y; is the interval value of
the maximumdistancefrom the restposition (the amplitude);Y> is
theintenal value of the frequeng of the system;Y3 is therelative
interval value of the maximumamplitudefor the perturbedandthe
original systemandY; is therelative interval valueof thefrequeng.

Valuesfor Y; to Y have beenderived from the perturbedmod-
els by meansof semi-quantitatie simulationandcomparatie anal-
ysis. The predictedintervals for the amplitudeare shovn in Table
1(a).Thefirst perturbatiorgivesriseto identicalpredictionsfrom all

models.It is evident, even without looking at the value of AJ(e1),

thatthecorrespondingxperimentwill never distinguishbetweerthe
models.Therestof the perturbationslsodo not give distinctinter

valsfor this feature but the predictionsarenot entirely overlapping.
Hencethemeasuremenis thecorrespondingxperimentamaydis-
criminatebetweenat leastsomeof themodels.

Assumethe amplitudeof the systento bethe only quantitymea-
suredin the experiments.Supposethe modelshave equala priori
probabilitiesp(mi) = ... = p(me) = 1/6 andd = 0.75, that
is, a modelis consideredbestif its probability is larger than0.75.
At the first stepof the algorithm, e4 is chosensinceit maximizes
AJ (seeTablel1(b)). Assumethe experimentis executedanda mea-
suremenf0.4207, 0.5207] is obtained The measuremeris not con-
sistentwith the predictionsderived from m1, m2, andms for this
perturbation so that the a posterioriprobabilitiesbecome0. The a
posteriori probabilitiesof the other three modelsafter the experi-
mentarep(ms) = 0.2330, p(ma4) = 0.3835 andp(ms) = 0.3835.
In the next iteration, e; is selected(Table 1(c)). Assumethe mea-
surement0.3080, 0.4080] is obtainedwhich givesriseto the poste-
rior probabilitiesp(ms) = 0.2794, p(m4) = 0.3428 andp(ms) =
0.3778. Next, e5 is chosenA measuremerfil.1340, 1.2340] causes
p(ms) = 0 andthe algorithm terminatesgiving me asthe best
modelof the systemwith p(mg) = 0.8964.

In order to evaluate the performanceof the methodwe have
adoptedthe following stratey. First, one of the models(mse) was
arbitraryselected Experimental”’datawasthenproducediy gener
ating randomintervals within the predictionsof mge. The length of
therandomintenvalswassetequalto thesizeof theconfidencanter-
val of the behaioral feature(e = 0.1 in the caseof the amplitude).
Finally, thealgorithmof the previoussectionwasappliedgiventhese
data.This procedurevasrepeated®0 timesandtheresultsanalyzed.

In only 15% of the casesthe modelthatwasusedto generatehe
datawasidentified asthe singleremainingcandidateln the restof
the caseghealgorithmterminatedwith two to threecandidatenod-
elsthatcouldnotbediscriminatedOn averagefor theidentification
of the model4 experimentswere necessaryor comparisonwhen
the size of the confidencanternal wastakento be 0.01, in 40% of
thecasesng wasidentifiedwith averagenumberof experiment2.5.
Theresultsshaw, not surprisingly thatwhenthe measuremergrror



is smaller betterdiscriminationis achieved.

Now supposeall four featuresare consideredthe other circum-
stancegemainingthe same.In this case,es; maximizesAJ andit
is selectedas the bestexperiment(seethe table below). Valuesof
[1.134,1.234] and [4.12, 4.22] for the amplitudeand the period of
the perturbedsystem for instancegive rise to the posterioriproba-
bilities p(m1) = ... = p(ms) = 0 andp(ms) = 1.0.

| ex e9 es e es

AJ(e;) | 0.4049 1.1429 1.5548 15285 3.1811

Theabove evaluationprocedurevasagainapplied20 times,nowv
for the situationthat all four featuresare taken into account.We
foundthatthe averagenumberof experimentsnecessaryo identify
modelme wasl1.1.In only two of the casesa secondterationin the
algorithmwas necessaryin all casescompletediscriminationwas
achieved.

The exampleillustratesthat when more behaioral featuresare
considereda higher efficiency may be achieved: measuringonly
theamplitude we needed! experimentgo discriminatebetweerthe
models,while takinginto accountall four behaioral featuresa sin-
gle experimentturnedout to be sufiicient.

Evaluationby meansof randomdatawas usedto investigatethe
performancemprovementof the algorithmfor experimentselection
with respectto randomselectionof perturbationexperiments.As-
sumetheamplitudeof thesystemis theonly quantitybeingmeasured
(e = 0.1). After 20 timeswe againobtainedthat4 experimentsare
necessaryon average to identify the correctmodel. Thereasongor
thelack of improvementof our methodwith respecto randomselec-
tion arethelarge overlapbetweern(someof) thepredictionsthehigh
measuremerdrrorassumedandthelow numberof experimentgpro-
vided.However, selectingthe experimentsn randomorderwhenall
four featureswere consideredrequired3.2 experimentson average
to identify the correctmodel, whereasselectingthe experimentsby
our methodrequiredonly 1.1 experiments.

5 Discussionand conclusion

We have presenteémethodfor thediscriminationamongcompeting
semi-quantitatie modelsby selectingsuitableperturbationexperi-
ments.The methodchooses maximally-discriminatingsxperiment
by meansof a criterion basedon the entrory measureof informa-
tion. The applicationof this criterion wasillustratedin an example
concerninga setof competingmodelsof a mass-springystem.

Informationtheoryhasbeenusedin model-basediagnosigo dis-
tinguishamongcompetingdiagnosef a faulty system(e.g. [4]).
Like our method,thesemethodsproceedby making new obsera-
tionsonthesystemHowever, thework mentionediboveis limited to
determiningthe bestmeasurementoint within a given experiment,
while we seekthe bestexperimentthat would permit optimal dis-
crimination. Strusg[12] hasextendedthe approachin [4] by finding
thebestoperatingconditionsthatwould give riseto themostdiscrim-
inatoryobsenations.Ourwork attemptgo generalizeéhis methodby
emplogying dynamicalmodelsand by extendingthe conceptof dis-
criminatingtestto discriminatingperturbatiorexperiment.

In statisticstheideaof emplg/ing the entrofy measureasa dis-
criminationcriterion hasbeenillustratedfor distinguishingbetween
guantitatve algebraicmodels(e.g.[2, 10)). In [7] the entroy has
beenusedto designobserationsdiscriminatingamongrival water
quality models.However, theseexamplesarerestrictedto fully nu-
mericalmodelswith precisepoint measurementdn this paper we
have shavn how thecriterioncanbegeneralizedo the casethatonly
imprecise approximatebsenrationsof the systemareavailable.

Theideaof planningperturbatiorexperimentsor modeldiscrim-
inationbasedon an entrofy measuréhasalsobeenproposedn [6].
Models of a geneticregulation network are discriminatedby vary-
ing the expressionlevel of involved genesor the influenceof exter
nal stimuli. This method,however, is limited to modelsin the form
of Booleannetworks andto binary perturbationsThis article gener
alizesthe approachn [6] by emplo/ing more advanceddynamical
modelsandby extendingthe conceptof perturbatiorexperiments.

Thework presentecerecanbe extendedinto several directions.
In practice thenumberof possibleperturbationsvill beinfinite when
the value of a quantity canbe changedcontinuously The problem
of modeldiscriminationasdefinedhereshouldthenbe generalized.
Insteadof selectinga discreteperturbationthat has beenspecified
beforehanda value for the quantity that maximizes(7) hasto be
chosenAn issuengylectedthusfar arethe costsassociatedvith ex-
perimentsln practice,the costsfor performingan experimentmay
needto be balancedagainstits expectedutility. In thesecasesthe
problemcanbe reformulatedasthe selectionof an experimentthat
maximizesA.J(e)/h(cost(e)), whereh is afunction dependingon
the intendedapplication:one may be interestedn effective experi-
mentswithout caringaboutexpensesor preferlesscostlytests.

Furtherresearchwill concentraten the extensionof the method
alongthe lines mentionedabove, its comparisorwith other model
discriminationtechniquege.g.[5]), andits applicationto real-world
systems Currently we are applying the approachto a model dis-
crimination problemin biology: the regulation of the cell cycle in
early embryos[9]. This systemis describedby second-ordemod-
els and exhibits periodic behaior similar to the oscillationsof the
mass-springxampleconsideredere.
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