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Abstract.

Themeaningfuldescriptiorof thebehaior of complex dynamicsys-
temsthroughmathematicamodelsit is alwaysrelatedto the iden-
tification of a model parametersset. This optimization procedure,
called dynamic systemidentification (s1) may be really problem-
aticfor thoseapplicationdomains suchasthe medical/physiological
one,of which eitherthe availableknowledgeis incompleteor the ob-
seneddataarepoorin numberandin quality. This paperdealswith
the applicationof an hybrid method,which builds a fuzzy system
identifierupona qualitative structuralmodel,to solve identification
problemsof theintracellularkineticsof Thiamine(vitamin B;). The
modelobtainedis robustenoughto be usedasa simulator andthen
to provide physiologistaith adeepeunderstandingf the Thiamine
metabolisnin thecells.

1 Intr oduction

A structuralmodel of the the dynamicsof complex real-world sys-
temsis a setof mathematicakquationghatmeaningfullydescribes
the systembehaior. The equationsarerelatedto the physicalstruc-
ture of the domain;thereforesuchmodeloffers potentialbenefitsto
thedeepcomprehensionf the systemat studyaswell asto theper
formanceof certaintasks.If we focusour attentionon physiology
and medicine,suchmodelsmay allow for the calculationof phys-
iological quantitiesthat cannot be directly measurecand may also
allow thephysiologisto formulatehypothesedealingwith thephys-
iological andbiochemicalstructureof the system help the clinician
to formulateandtestdiagnostichypotheseandfinally to planther
apeuticaltreatmentsUnfortunately the formulation of suchstruc-
tural modelsmay be hamperedy the incompletenessf the avail-
able knowledge of the underlying nonlineardynamics.Moreover,
the identificationof model parametersnight be impossible,dueto
a comple experimentaldesignor to a limited numberof available
data.In suchcasesthe systemdynamicsis often studiedunderthe
hypothesighat minimal perturbationsaffect the system thatis un-
derthelinearity assumptionAlthoughthe resultingmodelcaptures
limited aspectof the systemdynamicsjt may give usefulinforma-
tion; neverthelessalsothe linear formulationmay be prohibitive as
identifiability problemsmayoccur

In theory avalid alternatve to structuralmodeling,althoughpo-
tentially lessinformative, could be representedy non-parametric
black-boxmodelingapproacheso si [14, 16, 22]. But, in practice,
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suchmodelswhichlearnthe nonlineardynamicsof the systemfrom
input-outputdata resultto beveryinefficientandnotrobustwhenthe
available experimentaldataare poor eitherin numberor in quality.
Suchasituationis notrarein thefieldsof physiologyandmedicine.

Motivatedby theseconsiderationsye startedaprojectwhichaims
at the designandimplementatiorof an efficient androbust method
capableo make the mostof boththe availablestructuraknowledge
andthe obsered data.The method that we call Fs-QwMm, is domain-
independenandresultsfrom the integration of qualitatve models,
namelyQsim [17] models,andfuzzy systemg4, 2]. As bothframe-
works have beenintroducedto copewith the compl«ity of real-
world systemstheir combinationshouldbenefitfrom the analytical
powerof theformeroneaswell asfrom theapproximatiorproperties
of thelatter.

In outline, the methodexploits the incompletestructuralknowl-
edgeto build a @siMm modelof the systemdynamics andthenit in-
fers,throughsimulation,all of its possiblebehaiors. The setof be-
haviorsis mappedin accordancevith theapriori expertknowledge,
into afuzzy rule-basewhereeachrule maybe seemasa measuref
the possibletransitionfrom statego the next ones.The mathemati-
cal interpretatiorof sucha rule-baseroperlydefinesandinitializes
a nonlinearfunctionalapproximatgrwhich is thentunedto the ex-
perimentadata.

Theemphasi®f this papelis ratheron applicatve aspectshanon
methodologicaissuesWe discusgheidentificationproblemswhich
arisefrom modelingareal-world systenin thephysiologicalomain,
theintracellularthiaminekinetics,andthe solutionsgiven by the ap-
plication of our method[4, 2]. The comparisorof our resultswith
thoseobtainedby meansof a traditional applicationof fuzzy sys-
temsto siI [22] highlightsthegoodperformancef our methodwhen
appliedto derive a simulatorof the thiaminekineticsin theintestine
cells.Thesignificantimprovementin termsof efficiengy androbust-
nessof FS-QM over traditionalmethodsds dueto the goodinitializa-
tion of both the structureof the fuzzy identifier andits parameters
built by encodingthe systemdynamicscapturedby its qualitatve
behaiors[3].

Forthesale of completenesdet usremarkthattheideaof exploit-
ing QR techniquedor s is notnew. Mostof thework doneaddresses
the problemof the automationof the traditional procesof si, that
is the automationof both structuralidentificationandthe choiceof
the mostappropriatenumericaltechniquedor parameteestimation
andtheirinitialization[6, 5,11, 7, 8,12]. Anotherpieceof work deals
with amethodfor sI capableo dealwith stateof incompleteknowl-
edge[15] in which boththe candidatenodelspaceandthe streanof
obsenrationsaredefinedsemi-quantitatiely. Whatdistinguisheshis



pieceof work from the otheronesis its capabilityto dealwith sys-
temcharacterizethy bothincompletestructuraknowledgeandpoor
streamof data.

2 Modeling problemsin the physiological/medical
domain

The applicationof mathematicamodelingtechniquego the study
of a wide spectrumof metabolicand endocrineprocessesiasbeen
largely describedn theliterature[9]. A metabolicsystenmaybees-
sentiallyviewedasa systenof chemicakeactionsandtransporipro-
cessesontrolledby substanceproducedby the endocrinesystem.
The descriptionof the dynamicsof suchsystemsgvenin the most
simplecasesis areally comple task,andit hasbeenmadetractable
by the compartmentamodelingmethodology[1, 13]. Within this
framework, a systemis decomposethto a finite setof subsystems,
calledcompartmentsandthe compartmentteracteitherwith each
othersor with theenvironment® by exchangingmaterial.

A compartmenis fundamentallyanidealizedstoreof asubstance,
whichmayoftenbeadequatellassumedthomogeneouslgistributed.
The transferof materialthroughthe systemthat occurshy physi-
cal transportor chemicalreactionsis representeds transferfrom
onecompartmento another The modelequationsaareexpressedy
ordinary pifferentialEquation(ODE) in termsof the statevariables
of the systemdenotedby z;(t), thatrepresenthe concentratioror
amountof substancén thei—th compartmentvhich exchangesnat-
ter with othercompartmentst time ¢. Then,the rate of changeof
eachz;(t) is basebnthemasshalancdaw:
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wherez; denoteghe time derivative of z;; f;; denoteshe rate of
masdransferinto thei — th compartmentrom the j — th compart-
ment.In generalthe transferof materialdependn the quantityor
concentratioof materialin thesourcecompartmenandmayalsobe
dependenbn the quantityor concentratiorin someothercompart-
mentsthatis:

fij = fij (%5521, Tm, ... 2

where z; denotesthe state variable of the sourcecompartment,
whereasz;, zm, .. indicatethevariablescontrolling f;; .

The mathematicamodelof a compartmentastructurethencon-
sistsof a setof oDE’s which arefully definedwhenthe functional
relations(2) are explicitly stated.Mostly, given the compleity of
the processeslealtwith, suchrelationsare naturallynonlinear and
their definitionmay very oftenbeintractabledueto theincomplete-
nessof the available knowledge.However, for systemsntrinsically
nonlinear a linearity assumptior(f;; (z;) = ks;x;) maybereason-
ably adoptedvhenthe obsered dynamicss obtainedn responseo
asmall-signalperturbatioraroundthe systemsteady-stateondition
produceddy theadministratiorof atracermaterial.

The next stepin the systemidentificationprocesdealswith the
estimationof the unknavn parameterérom data.Also in thelinear
casethis stepmaybecriticalif the aprioriidentifiability conditionis
notsatisfiedthatis, if from theideal datathatthe experimentwould
generatet is not possibleto determineuniquelythe theoreticalesti-
mateof theunknavn parameterdlowever, asrealdataarenotnoise-
free,theoreticaldentifiability doesnot guaranteghatthe estimation

3 indicatedascompartmen®

resultsare accurateenoughto identify a good modelof the system
dynamicsj.e. a posterioriidentifiability. A modelcanbeconsidered
valid, andthen give usefulinformationif the identifiability condi-
tionsaresatisfied Methodsfor testingboth a priori anda posteriori
identifiability arediscussedh theliterature[10, 18].

3 Theintracellular thiamine kinetics:
Identification problemsand solutions

Thiamine(Th), alsoknown asvitamin By, is one of the basicmi-
cronutrientpresentn food andessentiafor health.In particular Th
is containedn driedyeastmeat,nuts,legumesandpotatoesWithin
thecells, Th participatesn the carbohydratenetabolismin thecen-
tralandperipherahene cell functionandin themyocardiafunction.
Deficieny of Th cause®eriberiwith peripheraheurologiccerebral
andcardiovasculamanifestation$21].

More in detail, afterits absorptiorin the intestinalmucosa;Th is
releasednto plasmafor the distribution to the othertissues either
in its original chemicalform (Th) or in a mono-phosphorilatedne
(ThMP).This transportedhroughthecell membrandy meanof an
enzyme-mediateshechanismandis thendirectly transformednto a
higherenegy compoundThiaminePiro-PhosphatéThPP);ThPPis
dephosphorylatettito ThMP, andit is in equilibriumwith Thiamine
Tri-PhosphatéThTP).ThPPis theactive elementhatparticipatesn
the carbohydratenetabolism.The chemicaltransformation®ccur
ring within the cellsaredescribedn Fig. 1.
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Figurel. Thechemicalpathway of Th within cells.Th transforms
into ThPP;ThPPtransformsnto ThMP, thatis transformedack
into Th. ThPPalsotransformdn areversibleway into ThTR

3.1 Identification of the structural model

Sinceearly 80’s several studieshave beencarriedout to quantita-
tively assesghe Th metabolisnin thecells[19, 20]. All thesestud-
ieswereperformedon rats,and hadthe basicgoal to quantitatvely
definethe normalandpathologicalconditionsunderlyingTh chem-
ical transformationsand cellular uptale and release Sincethe Th
metabolismis intrinsically nonlineay the first exploratoryapproach
to its quantitatve characterizatiolonsistsn its analysisaroundthe
steadystateconditions.Therefore from an experimentaliewpoint,
all thesestudieswerebasedon tracerexperimentsjn which a small
amountof labeled(radio-actve) Th was injectedin plasmaor in
peritoneumthe specificactivity (radioactvity per gram)of labeled
Th was subsequentlyneasuredn plasmaandin the cells. From a
modelingviewpoint, alinearcompartmentamodelhasbeenusedto
studythe Th kineticsin several organtissueswith particularrefer
enceto the nenousones.Let usobsere thatthe ThTPform canbe
neglectedin the model. As a matterof fact, the fastchemicalpath-
way betweerThPPandThTPandtherelatively low concentratiorof
ThTP allows usto considerThTP in equilibriumwith ThPP Then,
the model,whosestructureis shawvn in Fig. 2, is describedby the
following ODE'’s:



&1 = kiaza — (ko1 + k21)z1 (3
z2 = koiw1 — ksaxe (4)
&3 = ksaxe + kasxs — (ko3 + k13)x3 (5)
Ta = kaour — k1azs (6)
s = ksouz — kasws (7

wherez; is theintracellularTh, z, is theintracellularThPR z3 is
theintracellularThMP, z4 is thequantityof Thin thecell membrane
while z5 is the quantity of ThMP in the cell membraneu, is the
plasmaticTh andu. is the plasmaticThMP. Finally, the parameters
k:; arethetransfercoeficientsto beestimatedrom data.As amatter
of fact, compartmentslenotedby 4 and5 arefictitious asthey do
not correspondo ary chemicalform of Th, but they arejust used
to modelthe absorptionprocessof Th in the cells. The model (3-
7) proved to satisfya priori identifiability conditionswhena bolus
injectionin plasmais delivered.
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Figure2. Thecompartmentainodelof the Th metabolismwithin
cells.Theinputsof the systemarethe quantityin plasmaof Th and
ThMP (measurea@sthe concentrations; andus, respectrely).
Theflows betweerthe quantityz, (Th), z2 (ThPP)andzs reflects
thechemicalpathvay describedrigurel

The samemodelandthe sameexperimentalsettingwereapplied
to study the intestinetissuemetabolismin normal subjectsand in
subjectssuffering from diabetegoneof themaindisfunctionsof car
bohydratenetabolism)bothtreatecandnontreatedats.In thiscase,
the main purposeof the studywasto quantitatvely evaluatethe dif-
ferencedn thetransferconstantandturnover ratesin the threedif-
ferentclasse®f subjectspnthebasisof this evaluationit wouldalso
be possibleto understandf insulin treatmentis ableto re-establish
quasi-normatonditionsin Th metabolismUnfortunately the com-
partmentamodelidentificationwasunsuccessfukven usingdiffer-
ent optimizationtechniquesrangingfrom standardnonlinearesti-
mationprocedureso Bayesianones.This resultsin ana posteriori
unidentifiabilityof themodel.

Themainreasorof thisfailuremaybe explainedby theintrinsical
problemsrelatedto the experimentalsetting: as mentionedbefore,
theintracelluladabeledTh is measureafterabolusin plasmaHow-
ever, the physiologicalTh pathway in the intestinetissuepresentsa
Th absorptionway directly from the intestinalmucosaanda subse-
quentreleasédnto theplasmatissue Onthecontraryit is completely
unknavn how the Th quantityis physiologicallyabsorbedy intes-
tine cells from plasma,and also howv suchabsorptionis regulated.

Therefore the linearity assumptiorfor the transportprocessfrom
plasmainto cellsresultsto be completelyinadequate.

This problemhamperghe useof compartmentamodelingtech-
niguesfor analyzingthe data,and, at a first glance,the useof the
datathemseles.Thisis particularlydramaticfor this kind of exper
iments:at eachsamplingtime four ratsare sacrificed,and a single
measuremenis derived as the meanof the four subjects.The ef-
forts andcostsof the experimentalsettingmotivate the exploitation
of othertechniquedor datamodeling.

3.2 The needfor a novel approach

An alternatve solutionto structuralidentificationis to resortto the
so-called“non-parametric’modelingmethods.This term is some-
hov misleading,since the modelsare always characterizedby a
setof equationsand parametershowever, suchparametersio not
have a precisephysicalmeaning,andthis gives the reasonfor the
“non-parametric’wording. The non-parametrienethodsaim at re-

producingthe functionalrelationshipsetweerthe obserable vari-

ablesonly onthebasisof theavailabledatawithoutrequiringknowl-

edgeon the physiologicalsystemat hand.In our case,dueto the
complity of the problem,a naturalchoiceis to exploit nonlinear
dynamicdiscretemodels known asNonlinearAutoregressie mod-
elswith exogenousnputs(NARX). In sucha framework the system
dynamicsof an outputvariabley is describedby the input-output
equatiofi:
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whereu € ®"~! andy € R arediscrete-timesequences, and
h areknown delays,andthe function f(-) is in generalunknavn.
Assumingl = h = 0, equation(8) may bewritten asfollows:

Ykt1 = F(Yhy -5 Y1, Uy - -

Yer1 = flzy), where z; = {yk, 1}

In this context, methodsrecentlyproposedo find a function ap-
proximatorof f are Feed-forvard Neural Networks, Radial Basis
Functions,wavelet Functions,Fuzzy systems.However, to build f
with the desiredaccurag only from the obsenrations,all theseap-
proximationschemesisuallyrequiresuficiently large datasets.

As far asour applicationis concernedsuchschemesannotbe
applied,sinceno morethan17 measurementareavailablefor each
Th chemicalform. Moreover, theidentificationproblemis a nonlin-
earone:the treatmeniof nonlinearproblemsis not straightforvard
anddemandssomeprior informationto properlystatea reasonable
initial gueson the parametewalues,andthento getconvergenceto
their optimalestimate The methodsmentionedabore, exceptruzzy
systems(Fs) arenot capableto embedprior knonledge,andthere-
foretheinitial valuesof the parameterarerandomlychosen.

In this setting,the adoptionof a non-parametriecnodelableto ex-
ploit alsothe availablestructuralknovledgeseemshe naturalsolu-
tion for effectively copingwith the problemsmentionedabore. As a
matterof fact, FS's areableto embedthe a priori knowvledgeof the
domainunderthe form of inferentiallinguistic information, called
Fuzzy Rules (FR), but in practice,the informationin the linguistic
form abouta comple systemis oftenpooror unavailable,andthen
thefunction f is usuallyinferredonly from the data.

This paperdealswith the applicationof an hybrid method[3],
basedon the integrationof Qsim models[17] andFs's [22], called

4 Withoutlossof generalitywe considetherenonlineaMultiple Input-Single
Outputsystems



FS-QM, which builds a fuzzy identifier uponthe available a priori

knowledge.Theideaunderlyingour methodis simple:the setof be-
haviors { B1, .., B } generatedy the simulationof a Qsim model
of the systemat studyis mappedinto M FR’s which, asa whole,
capturethe structuraland behaioral knowvledgeof the systemdy-

namics.As a matterof fact, suchmappingis possiblewhen&er the
availableknowledgeallows usto definea bijective mappingbetween
the quantity-spacé&) ., in the QsIM representationand the fuzzy-

quantity space@ r, whoseelementsare fuzzy sets.In outline, the
mainstepsof the methodaresketchedn Fig. 3.
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Figure3. Main stepof FS-QM.

The mathematicainterpretationof the generatedules, through
suitablefuzzy operatorssuchasthe singletonfuzzifier, the product
inferencerule, the centeraveragedefuzzifier andthe characteriza-
tion of fuzzy setsby Gaussiarmembershiunctions allows us to
initialize the approximatorf, of f:

M T, ean(—(555)?)
folg) = —— i
Zj:l[n?:1 exp(—(—+)?)]

a?
i

©

where:{#?} and{c?} arethe parametergharacterizinghe Gaus-
sianmembershigunction which is relatedto the input variablez;
andappearsn the j-th rule, i’ is the point wherethe membership
function of the output, or equialently of the consequentin the j-
th rule reachests maximumvalue. Suchan expressionallows us
to interpretthe nonlinearfunction approximatiorproblemwith a Fs
asthe processof tuning on a setof datathe vector of parameters
0 = {y,&, 0}, initialized by the vectord,, in equation(9). The ap-
proximatorderivedin equation(9) is known to possessheuniversal
approximatiorpropertyi.e.thecapabilityof approximatingary con-
tinuousfunctionwith anarbitrarydegreeof accurag [22].

4 A non-parametric model of Thiamine kinetics

Although a completeknowledgeon the mechanisnof Th transport
in theintestinecellsfrom plasmais notknown, the overall structure
of themodelin Fig. 2 still remainsvalid: thefluxesandthecompart-
mentsin plasmaandin the cellsreflectthe availableinformationon
thesystemOnthecontrary thenumberof compartmentthatmodel
the membraneandthe functionalrelationshipsdescribingthe cellu-
lar absorptionare not completelyknown. Therefore we canignore
thecompartmentd and5, andconsequentlyhe equationg6-7),and
directly modelthe plasmaticTh absorptiorprocess.

As data sets for all the state variables are available, a non-
parametrianodelof the overall systemcanbe obtained(i) by split-
ting it into threedecoupledubsystemseglatedto thethreeTh chem-
ical forms (Th, ThPPandThMP) obtainedin responseo the tracer
input signals,namelyplasmaticTh (u.) andThMP (u2), and(ii) by
formulatinga NARX modelfor eachof them.

Suchmodelscanbewritten asfollows:

Llppr fl(mlk)x3k)u1k) (10)
T, = f2(z2,, 1) (12)
Lhp1 = f3(x3k7x2k)u2k) (12)

Thefirst stepconsistsn theidentificationof fi, f2, fs in normal
subjects.Our final goal dealswith the constructionof a simulator
of the overall nonlinearintracellularTh kinetics. Sucha simulator
will allow usto understandhe discrepancies the Th metabolism
betweerthedifferentclasse®f subjectsnamelynormal,diabeticei-
thertreateddr not, by comparingheresultsobtainedy thesimulator
againstheactualdata.

4.1 Construction of the fuzzy identifiers

Theconstructiorof eachf; proceedsassketchedn Fig. 3, andstarts
with the constructionof the QsiM modelsof eachdecoupledsub-
system Eachmodelis describedy a single Qualitative Differential
Equation(QDE).

1- Thsubsystenirhe Th dynamicss describedy the QDE:

i1 = 8T (u1) + M*(x3) — M*(21) (13)

where:

— 8§t and M™ have the usual QsiM meaning,i.e. saturationand
monotonicity(respectiely);

— ST (u1) modelsthe nonlinearabsorptionprocesswhich governs
the transferof Th from plasma.The saturableunctionalrelationis
justified by thelimited quantityof the mediatingenzymein thetime
unit;

— M (z3) modelsthe chemicalreactionof ThMP into Th. Let us
obserethatzs is modeledasatriangularshapedunction:this mod-
eling assumptions basedon the knowledgeof thetracerqualitatve
behaior in thecells.

— M (z1) modelsthe chemicatransformatiorof Thinto ThPP

2 - ThPPsubsysteniThedynamicsof ThPPis modeledby:

iy = M" (1) — MT(x2) (14)

where:

— M (z2) modelsthe chemicaltransformatiorof ThPPinto ThMP.
x1 isanalogouslynodeledaszs, andM * (2 ) hasthesamemeaning
asabove.



3- ThMPsubsystenirheequatiormodellingthedynamicsof ThMP
is:

i3 = St (ug) + MT(z2) — M (x3) (15)

Thefunctionalconstraintsareanalogouslydefinedasin the other
subsystems.

Theinput-outputvariablesn (10-12)assumevaluesin R*, andtheir
qualitative representations both QsiM andrs framewvorks arede-
fined by their respectie QL's and Qr's. Table 1 summarizeghe
Qr’'sandQr’sof eache; andu;, andhighlightstheone-to-onecor-
respondencketweereach@; andtherespectie Q r. Letusobsere
thattheelement®of Q r arerepresenteih thelinguisticform aswell
asthroughthe valuesof the parametersvhich characterizehe re-
latedmembershigunctions.In our context, suchparametergrethe
meanvalues(z) andstandarddeviations (o) andhave beenderived
onthebasisof theavailablephysiologicaknowledge.

[ht]

Subsysten| #QQB’s | #AQB's | #FR's
1 20 2 11
2 6 6 9
3 42 7 12

Table2. Resultsof thequalitative simulationof the 3 models,n
termsof thenumberof thegeneratedQB’s, andof the AQB’s. The
numberof thegeneratedr-THEN rulesfrom thetranslationof the
AQB’s into thefuzzy frameawork is alsoreported.

Themathematicaihterpretatiorof eachsetof rules,in accordance
with the choicesunderlyingequation(9), allows usto derive a good
initialization of eachapproximatorﬁo, andthenthe systemis de-
scribedby:

[ht]

fao (3, m2,u2) =

21-8] )2 7(”3_?% )2 7(“1fﬂ]1 )2
1 %y = o o,
7 Z]=1 ile e e ]
flo(x17$37u1) = ~J ~J ~J
11 od J o)
21:1[6 1 e 3 e v

f20($2,(lﬁ1) = = . ; (16)

X/ denotesthe meanvalue of the membershigfunction which

[ Variables || QL QF
z (nCilg) | o (nCilg)

0 Low 0 13

z1 (0Th*) Medium 30 13

Th* High 60 13

0 Low 5 30

T2 (0ThPP>) Medium 80 30
ThPP* High 165 35

0 Low 0 22

T3 (0ThMP*) Medium 50 20
ThMP* High 130 44
0 Low 20 400
u1 0 U1S) Medium 1000 400
U1S High 2000 400
(U1S inf) | VeryHigh 3000 400
0 Low 70 140

ua (0 U2S) Medium 330 70
U2S High 470 50

(U2S inf) | VeryHigh 600 60

Tablel. Mappingbetween?; andQr relatedto eachvariable.

Thelasttwo columnsreport,respectrely, thevaluesof # ando.

Sincethe datausedfor si comefrom tracerexperiments,each
subsystemnis simulatedstartingfrom z;(0) = 0, ¢ = 1,2, 3. For
the samereasonamongall of the generatedehaiors we consider
only thosethat reachthe systemquiescenstate.The translationof
thegeneratedyuiescenualitative Behaviors (QQB) into fuzzy rules
is precededby their analysiswith the aim of (i) aggr@atingthose
behaiors that do not presentary differenceswith respectto the
variablesof interest,(ii) filtering thosebehaiors which areincon-
sistentwith physiologicalconstraintiot explicitly embeddedn the
model.Theremainingadmissiblesehaviors (AQB) areautomatically
mappednto FR’s.

Table 2 summarizesfor eachmodel, the numberof QQB'’s, of
AQB’s,andof thegeneratedr-THEN rules.

Let usremarkthatthe setof AQB’s doesnotincludespuriousbe-
haviors, which, onthe otherhand,would have beeneasilyfilteredon
the basisof the a priori knowledge of the admissibleexperimental
profiles.Generallytheabsencef arny spuriousbehaior in the AQB
setis notguaranteedn sucha caseareductionin Fs-QMm efficiency
mightbecaused.

belongsto Qr of z;, andappearsn the consequenpartof the j-th
rule. The vector of parametersn eachapproximatarinitialized in
accordancevith thevaluesin Tablel, providesa goodinitial guess
for the optimizationprocedurdor parameteestimatiorfrom data.

5 Results

In orderto male significantthe comparisorof the performanceof
our methodwith a data-drven approach we look at eachequation
in (16-18)asa three-layeifeedforvard neuralnetwork, and exploit
the Back propagationalgorithm (BP) for parameterestimation.As
data-dven approachwe considerfuzzy-neuralidentifiers(Fs-DD)
whosestructuresare dimensionallyfixed equalto the instantiated
valuesof M in (16-18)but built from the numericalevidence.Let
usobsere that, sincewe exploit informationderived from the qual-
itative simulationto fix the dimensionthe performancef Fs-DD is
hereimproved with respecto its traditionalapplicationwherealso
its structuraldimensiorhasto bederived from thedata.

The applicationof our methodto identify the systemfor simula-
tion purposesgollows athree-stepscheme:

1. identification for eachf;, , the valuesof parametersre tuned
on a setof real databy usingthe BP algorithmin orderto get
anestimate§ of g, startingfrom the initial guesd,, provided as
explainedabore;



2. validationt theaccuray of f;, derivedatstepl, is testedn accor
dancewith a parallelschemé onanew dataset;

3. simulation the accurag of all of the three f; asa whole model
is testedon a new datasetin accordancevith a parallelscheme
whereonly the currentinputsto the overall system(u:, u2) are
measuredlatawhereashe currentoutputandinput to eachsub-
systemaresimulatedvalues.
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x:= real data
-:= identification result

I . . I . . .

0 2 4 6 8 10 12 ) 16 18

Samples
A

FS-QM - Loops: 32; Threshold error: 0.0001
T T T T T T

x:= real data
160 ~:= identification result

(ThPP)

X2

L L L L
0 12 1 16 18

. .

0 2 4 6 8 ft

Samples
B

FS-QM - Loops: 32; Threshold error: 0.0001
T T T T T T

x= real data
~:= identification result

120

X, (ThMP)

0 2 4 6 8 10 12 14 16 18
Samples
C

Figure4. Fs-QM identificationresultsof z; (A), z2 (B), z3 (C)
obtainedwith athresholderrorequalto 0.0001.

5 In aparallelschemethenext valueof theoutputvariableis calculatedyiven
the currentmeasurementsf theinputvariablesandthe simulatedvalueof

thecurrentoutput:g, 1 = f(Jk, uy,)

Identification Figure4 shaws the resultswe obtainedwith the ap-
plication of our methodin the identificationphaseof eachz; with
a thresholderror equalto 0.0001by using a dataset obsered in
normalsubjects Althoughthe problemis ill-poseddueto the small
numberof data,Fs-Qm performsquite well: this canbe explained
by the goodnes®f theinitialization of boththe identifier structures
andtheguessesf parameterdOnthecontrary Fs-DD, initialized by
exploiting only the data,doesnot convergeto the solutionbut it gets
trappedn alocal minimum.Let usfix our attentionon theresultsof
Fs-DD identificationof z1: Fig. 5 highlightsthat,althoughthe num-
ber of BP loopsis highly increasedrom 350 (Fig. 5A) to 200000
(Fig. 5B), thetrainingerrorremainsconstantMoreover, we canob-
sene aperfectfit onthefirst 11 data.Suchafit doesnotderive from
identificationbut is ratherrelatecto theconstructiorof therequested
1lrules.

FS-DD - Loops: 350; Error: 0.0026013
T T T T T T

x=real data
-:= identification result

. . . . . .

0 2 4 6 8 10 12 14 16 18

Samples
A

FS-DD - Loops: 200000; Error: 0.0026013
T T T T T T

x:= real data
~:=identification result

. . I . . . .
0 2 4 6 8 10 12 1 16 18
Samples

B

Figure5. Fs-DD identificationresultsof z1: (A) - numberof BP
loopsequalto 350;(B) - numberof BP loopsequalto 200000.The
trainingerrorsremainthesame.

Validation and simulation Eachidentified f; hasbeenvalidatedon
a new setof datacollectedin an independenexperiment,still on
normalsubjectsTheresultsconfirmthe robustnesof our approach
to dealwith NARX approximatiorschemegseeTable3).

Ourfinal goalis the constructiorof a simulatorof the overall sys-
tem dynamicsthat is capableto reproducethe systembehaior in
responseo ary input signalsatleastin the rangeof the experimen-
tal settingspreviously defined Suchsimulatoris definedthroughthe



(]

subsystem 1 2 3
validationMse | 0.0065| 0.0215 | 0.0018

Table3. Validationerrorscalculatecdbn datacomingfrom an
independenéxperimenton normalsubjectsMSE standsfor Mean

squarederror.
equations:
Ti,,, = fr(&1y,, Ty, u1y,)
Zoy, = f2(&2,, 1) (7
T3, = f3(&s,,, T2y, uz,,)

wherez;, = z;, andu;, , Vk, aretheinput datato the system.Our
simulationresultson the nen dataset(Fig. 6) clearly shav the va-
lidity of FS-QM asan alternatve methodologyto identify nonlinear
systems.

Remark. Clearly within this approactthe possibility of identifying

parametersiith aprecisemeanings lost, butthereliablesimulatorat

our disposalmakes possibleto enrichthe knowledgeof Th kinetics
andto provide diagnosticandtherapeutianformationto physiolo-
gist:in particular it will bepossibleto fit themaingoalof the study

that is the understandingf insulin action on the Th metabolism
in the cell. An indirect evaluationof the effects of diabeteson Th

metabolisnmaybe obtainedoy comparinghe profilessimulatecdby

(17) againstthe dataof pathologicalsubjectseithertreatedor not.

Froma preliminaryanalysisof the resultsobtainedwe canreason-
ably affirm that ThPPexhibits the samebehaior bothin normaland
treatedsubjects.

6 Discussion

Mathematicamodelingis often usedin biomedicalsciencego ob-
tain a quantitatve descriptionof the (patho-)physiologynderlying
aphysicalsystemCompartmentainodelsrepresena powerful class
of suchapproacheghey areableto describethe mechanismsf re-
leaseanduptale of a certainphysiologicalsubstratéy contempora-
neouslyexpressinghe systemdynamicsthrougha setof obe’s and
quantifyingthe fluxesof substratdetweercompartmentshrougha
setof parameterdaVhentheavailabledatadonotallow to identify the
modelparametersgueto measuremergrrors,inaccuratesampling
time or, moresimply, to aninadequag of somemodelassumptions,
the modelitself is revisedor discardedAn alternatve solutionis to
resortto non-parametrimodeling thatdescribeshedynamicsof the
systemathandrelying onvery generahonlinearfunctions,moulded
by theavailabledata.In thiscontext, thestructuralassumptionmade
by compartmentainodelsarerelaxed,andonly a descriptie quanti-
tative knovledgemaybederived.

Unfortunatelyit mayhapperthatalsonon-parametriapproaches
arelikely tofail: asamatterof fact,sinceaposterioriunidentifiability
may be alsodueto thelack of a sufficient number(or of a sufiicient
quality) of data,the searchfor a robust non-parametrialescription
turnsoutto beinfeasiblein mostcases.

In this paperwe have describedthe successfubpplicationof a
novel IntelligentDataAnalysismethodologythataimsatfilling the
gap betweenthe parametric(compartmental)and non-parametric
modeling.Thanksto theapplicationof QR techniquesthe structural
assumption®n the relationshiphetweerthe problemvariablesare

“ x:= real data
60 = simulated kinetics

Samples
A

x:= real data
1= simulated kinetics

(Th PP)

X5

Samples
B

x:= real data
120 & = simulated kinetics

X, (Th MP)

. .

6 8 10 !

Samples
C

Figure6. Fs-QM simulationresultsof z1 (A), z2 (B), z3 (C).



retained;morewer, thanksto the applicationof Fs's, suchassump-
tions aretranslatednto a non-parametrienodel,whoseparameters
areproperlyinitialized on the basisof a priori knowledge.Finally,
the approximatorof the systemdynamicsderived is robust enough
for thepurpose®f thestudy

From the applicationviewpoint, our proposedapproachenabled
usto draw physiologicallysoundconclusiondrom a setof datathat
revealedto be unexploitableby classicacompartmentamodeling.

In conclusiontheresultspresentedn this paperconfirm our be-
lief in thepotentialusefulnessf ourmethodologyfor severalclasses
of domainsamongwhich medicinerepresenta prominenfiield: the
presencef structuralknowledgeandthe availability of costly data
set,poorin numberandin quality, motivatethe developmentof ap-
proachesable to combinequalitatve and quantitatve information.
The marriageof QrR andfuzzy-basednethodsallows usto smooth
down thedistinctionbetweermathematicainodelsdentificationand
Datamining approachesnoving towardsnew approacheableto in-
telligently analyzethe available data.In our future work, our aim
will beto bettersystematizes-Qm in orderto allow for its broader
applicationin differentareas.
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