Discrimination of Semi-Quantitative Models by Experiment Selection: Method
and Application in Population Biology

lvayla Vatcheva! Olivier Bernard?

!Departmenbf ComputerScience
Universityof Twente
PO.Box 217,7500AE Enschede
TheNetherlands

Abstract

Modeling an experimentalsystemoften resultsin
a numberof alternatve modelsthat are justified
equallywell by the experimentaldata. In orderto
discriminatebetweenthesemodels,additionalex-
perimentsare needed. We presenta methodfor
the discriminationof modelsin the form of semi-
guantitatve differentialequations The methodis a
generalizatiorof previouswork in modeldiscrim-
ination. It is basedon an entroyy criterionfor the
selectiornof themostinformative experimentwhich
can handlecasesvherethe modelspredict multi-
ple qualitative behaiors. The applicability of the
methodis demonstratedn a real-life example,the
discriminationof a setof competingmodelsof the
growth of phytoplanktorin a bioreactor

1 Intr oduction

Obtainingan adequatenodel of an experimentalsystemis

a laboriousanderrorpronetask. In mary casesonearrives
ata numberof rival modelsthatarejustified equallywell by

theexperimentaldata.In orderto discriminatebetweerthese
models,additionalexperimentsareneeded Sincein real-life

applicationsthe numberof experimentsto performmay be
quite large, andthe costsof eachof themconsiderableit is

importantthatthe experimentsbe selecteccarefully. In fact,

experimentsneedto be chosensuchthatthe setof possible
modelsis maximally reducedat minimal costs.

For experimentalsystemsdescribedby differential equa-
tions, severalapproachefor modeldiscriminatiorhave been
proposedn theliterature(e.g.[EspieandMacchietto,1989).
With few exceptions(e.g. [Struss,1994; Vatchea et al.,
2000), thesemethodsapply to completelyspecifiedquan-
titative models. That is, they cannotbe usedwhen precise
numericalvaluesfor the parametersrenot availableandthe
preciseform of functionalrelationsis unknown.

This hasmotivatedthedevelopmenif amethodfor model
discriminationthat is able to handleincompletelyspecified
modelsin theform of semi-quantitatie differentialequations
(SQDEs) Themethods basenanentrogy criterionfor the
selectionof the mostinformative discriminatoryexperiment.
This experimentis determinedfrom the behaioral predic-
tionsobtainedrom thecompetingnodelsthroughsimulation
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undervariousexperimentakonditions.

In earlier work, we have developeda method for the
discriminationof semi-quantitatie models[Vatcheva et al.,
200d. However, the previously proposedapproachis re-
strictedto the casethatall modelspredictthe samequalita-
tive behaior, a situationrarely occuringin the caseof more
complex models. The methoddescribedin this paperis a
generalizatiorof the approachabove in thatit allows oneto
dealwith situationsin which multiple qualitatve behaiors
arepredicted.

The applicability of the methodis demonstratedn a reall
problemin populationbiology, the selectionof experiments
to discriminatebetweencompetingmodelsof the growth of
phytoplanktonin a bioreactor The choiceof gooddiscrim-
inatory experimentsis critical in this application,sincethe
experimentsmay take several weeksto complete. Semi-
quantitatve models are appropriate,becausethe available
datais incompleteandimprecise asfor mostbiological sys-
tems. We have comparecthe optimal experimentas deter
minedby our methodwith anexperimentthathasbeenactu-
ally carriedout. Furthermorefakinginto accountheresults
of the latter experiment the bestnext experimentto perform
hasbeensuggested.

The paperis organizedasfollows. The next sectiondeals
with the basic conceptsof semi-quantitatie modelingand
simulation. Sec.3 givesan outline of the methodfor model
discrimination, focusing on the criterion for selectingthe
mostinformative experiment. The resultsof the application
of the methodto the modelingof phytoplanktongrowth in a
bioreactorarepresentedh Sec.4. Thefinal sectiondiscusses
achiezementsand limitations of our work in the context of
relatedwork on model discriminationand gives someper
spectveson furtherresearch.

2 Semi-quantitative modeling and simulation

Semi-quantitatiedifferentialequation§SQDESs areabstrac-
tionsof ordinarydifferentialequation§ ODESs)thatallow in-
completelyor impreciselyspecifieddynamicalsystemgo be
modeledBerleantandKuipers,1997. In an SQDE,bound-
ing envelopesaredefinedfor unknavn functions,aswell as
numericaintervalsto boundthevaluesof parameterandini-
tial conditions.

Fig. 1 shavs anexampleof a second-ordeBQDEdescrib-
ing the growth of the microalgaeDunaliellatertiolectaunder
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Figurel: An exampleof an SQDEdescribingthe growth of
phytoplanktorin a bioreactoy the Monodmodel. The phys-
ical meaningof the variablesand parameterss givenin the
captionof Fig. 3.

nutrientlimitation in a bioreactofMonod, 1944. The state
variablesarethe biomasst andthe concentratiorof the lim-
iting nutrients. Theintervalsboundingthe modelparameters
Imaz» ks, @andy have beenestimatedrom preliminaryexper
iments.

For the simulationof SQDEswe emplgy the techniques
Q2+Q3 [Berleant and Kuipers, 1997, which refine the
qualitatve behaior tree producedby the QSIM algorithm
[Kuipers,1994. Theresultsof semi-quantitatie simulation
consistof oneor morequalitatve behaiors supplementedy
rangesfor the valuesof the variablesat qualitatively signif-
icant time-points. The behaiors resultingfrom the simula-
tion of the SQDEIn Fig. 1 areshowvn in Fig. 2. In orderto
narrav down the interval predictions,we usethe compara-
tive analysistechniqueSQCA [Vatche/a andde Jong,1999.
SQCA refinesthe simulationresultsby comparinga beha-
ior predictedfor oneexperimentwith behaviors predictedior
relatedexperiments.

3 Method for model discrimination

The predictionsobtainedthrough semi-quantitatie simula-
tion canbeexploitedto maximally discriminatea setof com-
petingmodelsagainsiminimal costs.The methodfor achiev-
ing this is basedon a generalizatiorof the entroyy criterion
for the mostinformative experimentdevelopedin [Vatchea
etal., 2004.

3.1 Model discrimination and behavior predictions

Considera set M of competingmodelsof an experimen-
tal system. Eachm; € M hasa probability p(m;) to
be the correct model of the system,and we assumethat
> m,en P(mi) = 1 [Fedora, 1974. The a priori model
probabilitiesareestimatedrom dataobtainedn preliminary
experimentsor assumeaqualwhenno suchdataexist. Each
time anexperimentis executedandnew databecomesvail-
able, the modelprobabilitiesare being updated. If the data
doesnot justify the predictionsof somem;, its a posteriori
probabilitybecomegzero.
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Figure 2: Behaviors resulting from the simulation of the
SQDE in Fig. 1, for the initial conditionszy € [36,39],
so € [0.005,0.01]. Behavior b; predictsthat the system
reachests equilibrium (z*, s*) asymptotically In b2, thenu-
trient concentratiors reaches maximum,beforethe system
approachegs equilibrium. In b3, = reachedirstamaximum,
followed by a minimum of s andthe equilibrium. The ta-
ble summarizesghe interval predictionsfor eachof the three
behaiors.

For the discriminationof the modelsin M, experiments
from asetE of experimentaeedto be selectedThe experi-
mentthatdiscriminatedestbetweerthe modelsis estimated
from the modelpredictions.For eachexperimente € F, the
modelsin M areperturbedaccordingo e, andthensimulated
to predictthe behavior of the systemunderthe experimental
conditions.The predictionof m; for somee is a setof beha-
iors B¢. Thesetof all qualitatively distinctbehaviors result-
ing from the simulationof the modelsin M for e is denoted
by B©.

For discriminationpurposesonly certaincharacteristicef
the predictedbehaiors b € B¢ aretakeninto account.This
givesriseto a setof behavioral featuresky, for b. The setof
behavioral featureconsistsof minima, maximaand equilib-
ria of the systemvariables. The behaioral featuresdefined
for b3 in Fig. 2, for instance arethe maximumof = andthe
minimum of s (2,,. ands,,;»), andthe steadystatelevels
of thesevariables(s* andz*). Herewe will assumedhatthe
valueof a behaioral featureis aninterval.



Intuitively, the experimentthat can be expectedto opti-
mally discriminatebetweerthe modelsis the experimentfor
which the predictedvaluesof the behaioral featuresover-
lap least. Thisintuition will beformalizedbelow by defining
the mostinformative experiment.A setof competingmodels
canthenbediscriminatedy repeatedidetermininghe most
informative experiment performingthis experimentandup-
datingthe modelprobabilitiesin thelight of theoutcomes.

3.2 Criterion for mostinformative experiment
A standardneasuren informationtheoryis the information

incrementof an experiment[Fedorw, 1974. For every ex-
perimente € E we define

AH®b,Y®) =~ > p(mi)Inp(m:) +

m;eM

Z p(m—; | be’Ye)]np(mi | be7Ye)7 (1)

m;EM

wherep(m;) andp(m; | b¢,Y ¢) arethe a priori and a pos-
teriori probabilitiesof m;. b° is the behavior of the system
obsenedin ¢, andY ¢ is the vector of obsenationsfor the
behaioral featureste The obsenationsareassumedo be
intenvalsY” = [y — €;/2, yj + €;/2], whereys is the mid-
point, ande; is the estimatetsize of the Conf|d]encenterval
for the jth behavioral feature.For clarity of presentationywe
will assumdor the moment,thateachbehaior b is charac-
terizedby a singlefeature.

AH reachests maximumwhenall posteriorprobabilities
but onearezero. Thatis, whenthe obsenationsobtainedn e
confirmthe predictionsof asinglemodel. Onthe otherhand,
a minimal valueis attained,whenall posteriorprobabilities
areequal.

Sincethe a posterioriprobabilitiesof the modelsdepend
on the outcomeof the experimentwhich is not yet known,
AH cannotbe computeddirectly. Instead we cancompute
its expectedvalue,or the expectedinformationincremeniof
e:

AJ(e) =

beBe YYED

AH(b,Y)g(y, b)dy, 2

whereB¢ is thesetof predictedbehaviors,Y = [y —¢/2,y+
¢/2], D thedomainof the behavioral feature,andg®(y, b) its
probability distribution:

9°(y,0) = D plmi)p(blma)gs (v, b).
m; M

p(blm;) is the probability of behaior b provided m; is the
correct model of the system, and ¢¢(y,b) is the model-
specificprobability distribution of the behavioral feature de-

fined by
LY NV
e - sYﬂV;,'e 0-,
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with V¢ theinterval predictionof m; for the behaioral fea-
ture in experimente, and | - | denotinginterval length.

9¢(y,b) expresseghe probability that the value of the be-
havioral featureis Y, if m; is the correctmodel of the sys-
temandb is the systembehavior. If theinterval Y doesnot
overlapwith the modelpredlcuonV‘f, the probability of the
featurehaving valueY is zero. Otherwise the probability is
weightedaccordingto the sizeof the overlapbetweeny” and
Ve

By substitutinghe expressiorfor AH in (2) andusingthe
Bayes'rule

p(mi)p(blmi)gs (y, b)
kaeM p(mg)p(blme)gg (y, )’

we arrive at the following expressiorfor the expectedinfor-
mationincrementof anexperimente:

S pmi) 3 pbme)
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Thecriterionranksthe experimentsn E accordingo their
expectednformativenessTheoptimaldiscriminatoryexper
iment will be the mostinformative experiment that s, the
experimentsfor which AJ(e) is maximal. Intuitively, exper
imentswhich give rise to predictionsasdifferentaspossible
will be favored. Fig. 4(a)-(b) shows the predictionsof the
four modelsgivenin Figs.1 and 3 for two differentexperi-
ments(seenext section). In both casesgachof the models
predictstwo possiblequalitative behaiors for thebiomasst.
The expectedinformationincrementfor thefirst experiment,
however, is higherthanthe expectedinformationincrement
for thesecondAJ = 0.5927 versusAJ = 0.3290), asthe
predictedintenalsoverlapless.

The expressionfor AJ canbe simplified in a numberof
cases.For instancejf all modelspredictfor a given experi-
mente the samequalitatve behavior, (3) canbereducedo

> o) [ ity pmZ)

dy,
m;EM yeD ge(y’ b)

which is the criterion previously derived by [Vatcheva et al.,
2000.

Onthe otherhand,if for a givene, eachmodelpredictsa
differentsetof qualitatve behaiors, we obtain:

AJ(e) = - Z p(mi)Inp(m;),
myEM
which is themaximumvalue A.J (e) cantake.

The criterion (3) is easily generalizabldo the casewhen
eachbehaior b is characterizedby morethanonefeature.ln
this casewe haveto substitutehe probability distributionsby
joint probability distributions, andthe integral by a multiple
integral of the k& behavioral features.For computationakim-
plicity, we assumen this article,thatthe behavioral features
areindependent.

The algorithmsfor the simulationof SQDEs,outlinedin
theprevioussectionhave beenprovensound.Thatis, all pos-
sible predictionsare derived from a given SQDE model. If

p(mi|b,Y) =

AJ(e) =

AJ(e) = b)ln
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Figure 3: Models for the growth of phytoplanktonin a bioreactor x[um?3/1] is the amountof biomassper unit volume,
s[uatg/1] the nutrientconcentrationg[atg /1] the internalquota. The Monod and Contoismodelsassumeconstantgrowth
yield y. pmaz[day =] is themaximumgrowth rateof cells,andji[day '] atheoreticamaximumgrowth rateobtainedor infi-
nite quota.ks, k., andko[uatg/1] arehalf-saturatiorconstantsk,[patg/1] is theminimumcell quota,pyq.[patg /um?/day]
is the maximumuptale rate of nutrients. For all modelss;, € [80, 120][uatg/!] is the input nutrient concentrationand
d[day~!] thedilution rateto be controlledin the experiments Theinitial conditionsarez, € [36.0,39.0], sq € [0.005,0.01],
qo € [2.4,2.7] whicharethe equilibriumvaluesreachedor theinitial dilution rated, = 0.4.

the resultsobtainedin the experimentare correct,this guar

anteeghata modelwill never be falselyrejected.However,

thesealgorithmsdo not exclude spuriouspredictions. As a
consequencanexperimentatesultmaycorroborateamodel
while it shouldbe ruled out. Spuriouspredictions therefore,
may prolongthediscriminationprocess.

3.3 Computation of behavior probabilities

In orderto computeA.J(e), the conditionalbehaior prob-
abilities p(b;|m;) mustbe estimated. We have adoptedthe
following approachLetv; beaparameteor initial condition
in modelm;, andlet range(v;, b;) betheinterval valueof v;
for which behaior b; is obtained.Define

r(b|my) = LI range(vi.by) |
1 - .
3 I | Ubker range(vy, by) |

r(bj|m;) estimateghe fraction of the interval volumeof the
model parametersvhich givesrise to b;. The conditional
probability of b; is now givenby normalizingther(b;|m;)s:
p(bjlme) = r(bjlma)/ 3, e ge T(bkma).

Considerfor instancethe threebehaiors givenin Fig. 2.
b1, by andbs have beenobtainedfor differentsubintenals of
theinterval rangedor &, andy:

beh | k, Y

b1 | [0.0L,0.158]  [0.3.0.0]

by | [0.0236,0.158] [0.3,0.6]

by | [0.01,0.158]  [0.15,0.488]

By usingthesevalues the procedureoutlinedabove gives
r(by) = 0.67, r(bz) = 0.61, r(b3) = 0.75. Consequently
the behavior probabilitiescan be computed:p(b;) = 0.33,
p(b2) = 0.30, p(bs) = 0.37.

4 Application: phytoplankton growth

Understandinghe regulationof phytoplanktorgrowth is es-
sentialfor predictinghow life in the oceanmay respondto
climate changes As theseprocessearedifficult to studyin
theopensea,the growth conditionsarerecreatedn thelabo-
ratoryin abioreactor

A variety of modelscanbe usedto describethe growth of
phytoplanktorin a bioreactor Which of theseappliesbestin
a given situationcannotbe determinedon a priori grounds.
Therefore experimentaeedto be performedto discriminate
betweerthe alternatve models. Unfortunately theseexperi-
mentsmay take weeksto completeandarethusquite costly
to perform.

We have appliedthe methodof the previous sectionin the
context of the microalgaeD. tertiolecta carriedout by pop-
ulation biologistsin a marine laboratory Four alternative
modelsto describethe systemhave beenconsideredwhich
areshown in Figs. 1 and3. The modelsmake differentas-
sumptionsaboutthe nutrient consumption the influenceof
thebiomasonthegrowth rateof thepopulationandtherela-
tion betweergrowth anduptalerates.Themodelsarelabeled
aftertheir originators:M [Monod, 1942, C [Contois,1959,
D [Droop,1964, andCM [CaperorandMeyer, 1977.

Becausef coarseandnoisydata,andevolution of thesys-
temin the time frame of the experiment,precisenumerical
estimationsfor the valuesof the parametergannotbe ob-
tained. This motivatesthe useof semi-quantitatie models.
Theinterval valuesfor theparametersequiredin the SQDEs
have beenestimatedy the biologists,basedon the outcome
of preliminaryexperimentgseeFig. 3).

In orderto discriminatebetweerthecompetingnodelsthe
valueof thedilution rated canbevariedby the experimenter
Startingfrom anequilibrium, thedilution rateis changedand
the transientbehavior of the systemtowardsa new equilib-



cM by

by cm b1
CM c b
M—
¥ I*
39.0° 36.0 70.7
bQ Lmazx b
M 104.2 cm 2

M o D —
1.4 39.0 M
13.9
T
397'1271 b2 Tn”:n
D 39 =
cM c
M
0 . ollcm
14 30.( 15.0

(@)

39.0 36.0 70.7

(©)

Figure4: (a) Interval predictionsof thefour competingmodels(Figs.1 and3) for thebehavioral featuresc* (behavior b1), and
T, Tmin (behaior b3) in the predictedoptimaldiscriminatoryexperiment(d = 1.1). (b) Interval predictionsfor z* (behavior
b1), andx*, x,,;, (behaior bs) in theexperimentthathasbeencarriedout (d = 0.7). Thevaluesfor =*, x,,,;,, measuredn the
experimentarealsoshovn by a smallrectangle.(c) Predictionsfor the featuresc* (behavior b1), andx™*, ,,4. (behaior bs)
in thenext optimalexperiment(d = 0.1). M, C, D, andCM standfor the Monod, Contois,Droop,andCaperon-Mger models,

respectiely.
d=01 d=02 d=03 d=05 d=0.6
AJ | 0.3204 0.3181 0.3519 0.3547 0.3323
d=07 d=08 d=09 d=10 d=1.1
AJ | 0.3290 0.3710 0.4668 0.5093 0.5927

Table1: Valuesfor the expectedinformationincrementA.J
for eachof thedilution rateexperiments.

d=11 d=07 d=01

p(b1) | p(b2) [ p(b1) | p(b2) | p(b1) | p(b2)

M | 047 | 053 | 0.47 | 0.53 | 0.50 | 0.50

C | 047 | 053 | 047 | 053 | 051 | 0.49

D | 057 | 043 | 057 | 0.43 | 054 | 0.46

CM | 057 | 043 | 057 | 043 | 027 | 0.73

Table2: Conditionalprobabilitiesof the behaiors b; andb,
predictedby the four modelsfor the experimentsd = 1.1,
d = 0.7, andd = 0.1 (seeFig. 4). p(b1) andp(b2) have been
estimatedusingthe approachn Sec.3.3.

riumis obsened. We have consideredenexperimentscorre-
spondingto equispacedaluesin therange[0, 1.2]: d = 0.1,
d = 0.2, .... Takinginto account5% measuremenincer
tainty, the valuesof d becomantervals.

The only variable that can be reliably measuredn the
courseof the experimentis the biomasse. This determines
the behavioral featuresthat we have considered:the mini-
mum and the maximumvalue of x (x,,;, and z,,..), and
the equilibrium valueof = (z*). In orderto obtainthe pre-
dicted valuesof the behavioral featuresrequiredfor the de-
terminationof the mostinformative experiment,the models

have beensimulatedusingthe techniquesn the secondsec-
tion. For eachexperiment,all modelspredictmultiple quali-
tative behaiorsasaconsequencef thelargeintervalsfor the
parameteralues.In total, four differentbehaviors for « are
predicted. None of thesebehaiors is spurious,aswe have
beenableto establishby comparingthe predictionswith the
qualitative analysisof [BernardandGouz, 1999.

Startingfrom theassumptiorthatthemodelsareequiprob-
ablein the beginning, we have calculatedthe expectedin-
formation increment(3) for eachof the experiments(Ta-
ble 1). Theoptimaldiscriminatoryexperimentis predictedto
bed = 1.1. For this experiment,eachof thefour modelspre-
dictstwo behaiors, by andb,, thatdiffer with respecto the
obsenablevariablez. In by the equilibrium of the systemis
reachechsymptoticallywhereasn b5, « reaches minimum
beforetheequilibriumis attained Fig. 4(a)shovstheinterval
predictionsof the behavioral featuredfor all four models,and
Table 2 lists the correspondingonditionalbehaior proba-
bilities. Noticethatin b, only onebehaioral featureapplies
(z*), whereasin by predictionsfor 2* andx,,;, needto be
takeninto account.

The experimentd = 1.1 hasnot beenperformed but data
for the suboptimalexperimentd = 0.7 was available from
an earlierstudy The predictionsof the behaioral features
for this experimentare shovn in Fig. 4(b) andthe behaior
probabilitiesaregivenin Table2.

In the experimentd = 0.7, x wasfound to reachits equi-
librium after passinghrougha minimum. This rulesout b, .
The measuredvaluesof the behaioral features,shavn in
Fig. 4(b), are x,n, = [29.2,32.2], andz* = [30.5,33.5].
Usingtheseresults the a posterioriprobabilitiesof the mod-
els have beencomputedvia Bayes' rule: p(M) = 0.34,
p(C) = 0.33, p(D) = 0.21, andp(CM) = 0.12. In addi-



tion, the measurementsave allowedthe parameteraluesto
be refinedby meansof the constraintpropagatioralgorithm
in Q2 [BerleantandKuipers,1997.

Thenew modelprobabilitiesshav thatexperimentd = 0.7
hasnotbeenvery discriminating.Giventhenewv modelprob-
abilitiesandparametewvalueswhatwould bethe optimal ex-
perimentto performnext? The methodadviseshatd = 0.1
betried, asit hasthe highestexpectednformationincrement
(AJ = 0.7129). Thepredictedvaluesfor the behaioral fea-
tures,againfor two behaviors,areshovnin Fig. 4(c). Table2
givesthe correspondindbehaior probabilities. The experi-
mentd = 0.1 hasnot beenperformed(we recall that each
experimenttakesweeksto complete). Notice, however, that
d = 0.1 is likely to rule out at leasttwo of the four models
dueto thelack of overlapbetweenM — C andD — CM.

5 Discussion

We have proposeda methodfor the discriminationof semi-
guantitatve modelsof an experimentalsystem.The method
is basedon anentropy criterionfor the selectionof the most
informative experiment.Thevalueof AJ for aparticularex-
perimentis calculatedfrom the model predictionsobtained
throughsemi-quantitatie simulation. The methodgeneral-
izesupona previousmethod[Vatchevaetal., 2004, in thatit
canhandlecasesvherethe modelspredictmultiple qualita-
tive behaviors. This occursin the caseof the phytoplankton
growth models,which predictthe biomasso asymptotically
approachts equilibriumvalueor to passhroughamaximum
or aminimumfirst.

Theapplicability of the methodhasbeendemonstratetyy
having it predictthe mostinformative experimentto discrim-
inate betweenfour modelsof the growth of D. tertiolectain
a bioreactor This hasbeenachieredin the presencef se/-
eralcomplicatingfactors,in particularthe nonlinearityof the
modelsthecrudeestimation®f theparametevaluesandthe
difficulty to obsenethebehaior of the system.Thediscrim-
ination of bioreactormodelshasbeenattemptedoefore[Es-
pie andMacchietto,1989;Coong andMcDonald, 1999, but
unlike the methoddiscussedn this paper theseapproaches
requireprecisenumericaldatato be available,a requirement
thatusuallycannotbefulfilled in practice.

Within Al, methodsfor model discriminationhave been
developedn thefield of model-basediagnosige.g.,[Struss,
1994;de Kleer, 1990). Basically thesemethodsdetermine
whichinputsneedto be appliedto afaulty device,andwhich
measurementseedo bemade jn orderto optimally discrim-
inate betweena numberof diagnoses.In comparisorwith
the approachn this paper thesemethodshave beenadapted
to qualitatve models. By consideringonly qualitative dis-
tinctions, however, onemay fail to discriminatebetweenal-
ternatve behaviors. Although two modelsmay predictthe
samequalitatve behaior, their (semi-)quantitatie predic-
tionsmaybedifferent,asclearlyshowvn in Fig. 4.

For the discriminationof the phytoplanktongrowth mod-
els, only onetype of experimentwasavailable,a changein
the dilution rate. It shouldbe emphasizedthough,thatthe
methodis not restrictedto parametechangesandmay even
involve structuralchange®f themodels. A limitation of the

method,however, is thatthe setof experimentsneedsto be
specifiedin adwvance. In the caseof the dilution rate exper
iments, for instance ten possiblevaluesfrom a continuous
rangehave beenselected. Thereis obviously no guarantee
that the optimal value is includedin the list of prespecified
experiments.A subjectfor further researchwould therefore
beto handlecontinuousangef experimentsandmoregen-
erally, to move away from the selectiorof experimentgo the
designof experiments.
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