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Abstract. In this paperwe proposethe useof processalgebrasas
powerful framevorks for model-basedliagnosis.In fact, they pro-
vide machineryandtools for building component-orientedhodels,
for characterizinggndcomputingdiagnosesandfor analyzingprop-
ertiessuchasthe diagnosabilityof the systemunderinvestigation.

1 Intr oduction

The definition of frameworks for characterizingliagnosisattracted
alot of attentionin the model-basedeasoningcommunity(seee.g.,

chapt.2 of [7] or [2, 5]). Theseframawnorks have beenusedto pro-

vide a semanticsor diagnosticproblemsolving andto analyzeits

propertiege.g.,its computationatompleity). Moreover, they have

beenusedto analyzepropertiesof the systemto be diagnosede.g.,

studyingthe suitability of differenttypesof models[21] or sensor
placemenfor diagnosability[20] or, moregenerally diagnosability
[18].

Although logic is the formalism most frequently usedin Al
frameworks for diagnosis[15, 14, 4], the comparisonwith other
formalisms such as FDI techniques[12] or discrete event sys-
tems[17, 16], is attractingincreasingattention.Indeed,thereis a
traditionin the useof discreteevent systemsfor modelingphysical
systemsandfor analyzingtheir functional propertieg11, 13], their
performancg8, 1], reliability andfaulttolerancg10]. However, only
in afew casegheseapproachebave beenusedin the context of di-
agnosiq18, 16].

In this paperwe proposethe useof processalgebrasfor model-
ing physicalsystemscharacterizingheir diagnosesand analyzing
their diagnosticpropertiesProcessalgebragand,specificallyPERA
— PerformanceEvaluationProcessAlgebra[8]) are expressie lan-
guageswhich enablethe high-level definition of complex systems,
supportinga componententeredmodelingparadigm.Equivalence
notions,which canbe usedto comparemodels,have beenformally
definedand someextensionsof the formalismincludesophisticated
modelsof time (time, however, is out of the scopeof this prelim-
inary work). Moreover, tools are available for model specification
andanalysig(both qualitatve andquantitatve).

In the paper after a brief sketch of PEFA (Sec.3),we shav how
this algebrasupportsthe modeling of complex physical systems
(Sec.4)andthe characterizatiorof diagnosis(Sec.5).In Sec.6 we
shav how theformalismcanbe appliedto investigatingdiagnosabil-
ity of aphysicalsystemgiventheavailablesensorandtheassump-
tions madein the model. Finally, Sec.7 provides conclusionsand
comparisons.
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Figurel. Abstractrepresentatioof therunningexample

2 A running example

In this sectionwe introducea simpledevice (seeFig.1) thatwe shall
useas a running example throughoutthe paper It is formed by a
pump P which deliverswaterto atankT A via a pipe PI; another
tankCO is usedasa collectorfor waterthatmayleakfrom the pipe.
For the sale of simplicity we assumehatthe pumpis alwayson and
suppliedof water

ThepumpP hasthreemodesof behaior: ok (thepumpproduces
anormal outputflow), leaking (it producesa low outputflow) and
blocked (no outputflow). The pipe PI canbe ok (deliveringto the
tank the waterit recevves from the pump) or leaking (in this case
we assumehatit deliversto thetankalow outputwhenreceving a
normal or low input, and no outputwhenreceving no input). The
tanksT' A andCO arealwaysin modeok, i.e., they simply receve
water

We assumehatthreesensorsareavailable(seethe eyesin Fig.1):
flowp measureghe flow from the pump, which can be normal
(nrmy), low (lowy), or zero (zrop); levelr4 measureghe level
of thewaterin T' A, which canbe normal (nrmy,), low (low:,), or
zero (zros,); levelco recordsthe presenceof waterin CO, either
present (preco) or absent (absco).

A PERA modelof this device is presentedn Sec.3.For the sale
of simplicity we startby abstractingdynamics;we then shav how
dynamicbehaior canbe naturally modeled.In particular we first
considemstatelesabstractionin whichthelevel of waterin thetank
dependsnly on the input to the tank; we then discussa more ac-
curatemodelin which the level is a “state variable” whosechange
dependson the input. On the other hand,we regardtime as a se-
guenceof states(events),without ary metric (seethe discussionn

(2)).

3 PEPA

In this sectionwe briefly introducethe syntaxof Performancé&valu-
ationProceslgebra(PER) [8], analgebraialescriptiortechnique
basedn classicabrocesslgebrag9, 11] andenhancedvith timing
information. This extensionresultsin modelswhich canbe usedto
calculateperformanceneasureaswell asdeducdunctionalproper
tiesof asystem.



PER\ supportsa compositionalapproachto modeling:the com-
ponenttypesoccurringin a systemaremodeledn isolation;thenthe
structureof the systemis describedasa compositionof component
instances.

The component®xecuteactivitiesa = (a,r). Eachactvity is
representedby two piecesof information:the label or action type
a € A, which identifiesit, andthe activity rate » which is the pa-
rameterof the negative exponentialdistribution function expressing
its duration.Thesetof possibleactiontypesincludesa distinguished
type, 7, which denotesnternaldetailsandprovidesanimportantab-
stractionmechanismThe restrictionto negative exponentialdistri-
butionsallows the derivation of Markov processeandthe computa-
tion of performanceneasurestartingfrom PEFRA models.However,
sincetiming informationis notconsideredn this paperwe will omit
actionrates—andheirimplications—inthefollowing discussion.

PERA usesa small setof operatorsfor the specificationof lan-
guageexpression& The grammarof the languages shavn belaw,
thenamesandthemeaning®of theoperatorareinformally presented
referringto the exampleof Sec.2.

S
P

Al (r).S| S+S
S|PXIP | P/H

(componentbehavio)
(systenstructue)

Theoperatorsn thedefinitionof S canbeusedto definecomponent
typesbehaiors; thosein the definitionof P allow thedescriptionof
thestructureof a system.

ConstantTheequationS A givestheconstantS thebehaior of
componentA. In this way we assignnamesto componentandwe
candefinerecursve behaiors.

Prefix. This is the basicmechanisnfor specifyingbehaiors: a.S
carriesout activity a andsubsequentlpehaesasS. Sequencesf
actionscanbe combinedto build complex terms.For example,the

behaior of a pumpin modeok couldbe Pok; & nrmo.nrmy.P:
afterreceizing a normal input flow (nrmo), the pump producesa
normal outputflow (nrm,) andthenbehaesas P. For the leak

modality we canwrite Plk; e nrmo.low,. P, the pumpproducing
alow output(lowy).

Choice The choice operatorcapturesthe possibility of selection
amongalternatves. For example, P £ Poky + Plk: represents
pumpwhich maybehae eitheras Pok; or asPlk;. If all theinitial
actvities (preconditionspf Pok: and Plk; areenabledthe choice
is nondeterministic.

Coopeation. The pump P passesvaterto the pipe PI andthis can
be modeledin PERA by meansof the cooperatioroperatori.e. we
canwrite P l>§ PI,L = {nrm,,low,}. The two componentsP
andP1I proceedasynchronouslyith any actionnotcontainedn the
coopeation setL = {nrm,, low,}. However, for ary actionin L,
they mustcooperateSuchaction,calledshaed action,is enabledn
P DL(] PI whenit is enabledn thetwo individual componentdf the
cooperatiorsetis empty thetwo componentproceedndependently
andwe usethe compactotationP || P1, insteadof P Df PI. No-
tice thatthis type of cooperatioris not restrictedto pairsof compo-
nentsbut it caninvolve morethantwo entities.

Hiding. This operatorabstractssomeaspectsf the behaior of a
componentonly actiontypesrelevant for the currentanalysisare
visible to an external obserer, or to other componentsin the ex-
pressionP/H, H representshe setof actionsthat are hidden;for
examplenrmo, in P/{nrmo}.

2 Al the details can be found in [8] or at the PERA Web page
www.dcs.ed.ac.uk/pepa.
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4 Modeling a physical system

In componentoriented approachegso model-basedliagnosis,the
modelof a physicalsystemis usuallydividedin two parts:

1.Amodelof thebehaviorof eadh componentype In particular for

eachcomponentwe recognize:(a) a setof behavioal modes

including the correctok mode and a set of fault modes;(b) a

setof interfacevariables,correspondingo input/outputto/from

the componentyc) (possibly)a setof statevariables;(d) a set
of relationsbetweenthe variablesthat describe for eachmode,

the behaior of the componentSucha behaior is describedn a

contet independentvay, i.e., independentlyof the role thatthe

instance®f the componentype may play within the system.

2.Amodelof thestructue of thesystemi.e.,theenumeratiorof the

componentnstancesandtheir connections.
Thesetypesof modelscanbe easilyexpressedisingPEFA. Thebe-
havior of eachcomponentype in the exampleof Fig.1 canbe de-
scribedasa nondeterministichoicebetweerthevariousmodes For
eachmode,we definea setof equationgFig.2) that specifythe re-
lations betweenthe componentvariables.In particular the actions
of PERA areusedto expressconditionson input, output(andstate)
variables.

In the following we discussin detail one componentthe pipe
PI, thebehaior of the othercomponentdeingsimilar. Firstof all,
PI may eitherbein the ok mode(PIok:) or in the leaking mode
(PIlky). Thisis expressedy thefirst equationPI: the alternatves
within thechoicecorrespondo the modesof behaior of thecompo-
nent. The additionalidentifier End allows the componento evolve
into afinal (absorbingstatewhosemeaningwill beclearin Sec.5.

Whenthe ok modeis selectedthe subsequenbehaior depends
on theinput to the pipe. In the equationPIok; we have a choice:
for eachalternatve we have an actionthat specifiesa precondition
ontheinputand,accordingto its value,the pipe behaesas Pl oks,
PIoks or Ploks. In eachcasethe pipe producestwo values:one
is its output,the otheris usedto simulateleakage For example,in
PIok, we have anormal(nrm,) outputandno leakageabss)®.

The equationgdescribinga componentrerecursve: in this way
we can describeits behaior acrosstime. As we noticedin Sec.2,
we considertime as a sequencef states(events);thusa pipe, for
example,may receire a streamof inputsacrosstime. In fact, after
producingtwo outputsit startsagainbehaing asPI, i.e.,it canpro-
cessanotherinput. For eachinput it canbehae eithercorrectly or
faulty andthereforealsotime-varying andintermittentbehaior can
beeasilymodeled.

The exampleof Fig. 1 is composedf a pump,a pipe, a tank, a
collector whichareinstance®f thecorrespondingomponentypes.
We useindexesto denoteinstancesP!) : P meanghatP™) is an
instanceof thecomponentype P (for thesale of simplicity we shall
omit indexeson the namesof the actions).EquationSD; describes
the structureof this systemin termsof its componentsthe cooper
ation operatoris usedto specify their connectionsand the setsL;
defineactiontypeson which the componentsynchronizeThe hid-
ing operatoiis usedto hide nonrelevantbehaior: actionsbelonging
tothesetH, representingheinputto the pipe andtheinternalflows
toT A andCQO, arenow invisible.

Thesemantic®f each(untimed)PERA termis givenviaalabeled
TransitionSystenLTS = (C, A, —) whereC is the setof states,
correspondindo syntactictermsof the language A is the setof ac-
tions,andthetransitionrelation —~» specifiesvhich actioncauses

3 Thesubscriptsareusedto distinguishthe two outputsof the pipe.
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Componentsbehavior

def

1)y P = Poky + Plky + Pbly + End
Pok1 & nrmo.nrmy.P
Plk, & nrmo.lowp. P
Pbl, o nrmg.zrop.P
(2) PI £ PIok: + PIiki + End
Plok; £ nrmp.PIoks + lowy. PIoks + zrop.Plok,
PIoky; = nrmy.abss.PI
Ploks £ low;.absy.PI
PIoks = zroi.absy.PI
Pllky £ nrm,.PIlky + low,.PIlky + zro,. PIlks
PIlk, < lows.pres.PI
Pllks o zroi.abss.PI
(3) TA £ TAok, + End
TAoki £ nrminrm.TA+ lows.low TA
+2101.21086. T A
(4) Co £ COok: + End
COok: o prea.preco.CO + absa.absco.CO
(5) End £ end.End

Structur e of the device
componeninstances

PO p, PIV . pI, TAY : TA; COY : CO
connections

sp, £ (p® DA (pr®
LiU{end} LoU{end}
(TA® B coWy)) /[ H

L, = {nrmy, lowy, zrop}, Ly = {nrm1,low:, zro1,abss, pres}
H = {nrmo,nrmy,lows, zro1, absz, pres}

Figure2. PER modelfor theexamplein Fig.1

onestateto evolve into another

The LTS describesll possibleevolutions of the componentsei-
ther individually or in cooperationand can be automaticallycom-
putedusingthe PERA Workbench[6], a prototypetool which sup-
portsmodelingandanalysiswith PERA. Qualitative propertiessuch
asabsenceof deadlocksor the reachabilityof a given state,canbe
studiedby investigatingit. Model-checkingtechniqued3] canalso
beusedto verify systempropertieexpressedisinglogical formulas.
In the following we will useLTSgp to denotethe transitionsystem
underlyinga physicalsystemSD.

We endthis sectionby briefly discussinganexampleof equations
for describingdynamicbehaior. In amoreaccuratenodelof atank
we shouldconsiderthe level of the waterinside the tank as a state
variable whosechangelepend®nthebalancebetweerinputsto and
outputsfrom thetank(thelatterarenotpresentn thesimpleexample
we are considering) Statevariablescanbe modeledasactions,just
asinput andoutputvariables A modelof thetank could containthe
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following equations:

def

(i) TAI = TAok + TAlk + End
(i) TAok £ zro;. TAok: + low;. TAoks + . ..
(iii) TAokZ zro,.zr0,. TA; + ...

(iv) TA, £ 210,210, TA; + low;.low;. TA; + high, .high, . TA,

(v) TA £ TA BT A4, whee L = {zro;, low, high }
Actions in the set L denotethe level of the water (i.e., the values
of the statevariableassociatedvith the tank). Whenthe tankis ok
(T Aok,) andthe level is zero (zro; usedas preconditionin equa-
tion (i7)) thenthe tankbehaesasspecifiedby equation(iiz): when
it recevesno input (zro1) it remainsempty (i.e., the statevariable
maintainsthe samevalue zro;). In orderto modelthe dynamicbe-
havior of the tank, equation(iv) introducesa dummy component
T A» whichis usedin (v) to synchronizehe outputfrom thetankto
theinputto thetankitself (in this sensea statevariableis regardedas
bothaninput andanoutputfrom the componento itself).

5 A characterization of diagnosis

Diagnosisis performedstartingfrom a setof obsenations,possibly
gatheredn differentstateqsnapshots)it consistdn finding amode
assignmento eachcomponen{in eachsnapshotsuchthatthe ob-
senationsareexplained.

In termsof PER\, theobsenrationscanbe expressedsnew equa-
tions.In principle,ary equationcanbe used;the simpler(andcom-
mon)casds whenwe merelyhave asequencef thevaluesobsered
by the sensorsFor instance:

1.0bs; £ nrmyp.absco.nrmiq.end. End correspondso observ-
ing onevaluefor eachsensoiin Fig.1. Action end is introduced
to specifythat no more obsenationsare available. All the com-
ponentsn Fig.2 have anassociatednd behaior thatis usedto
terminatethe evolution: the systemevolvesinto afinal statewhen
all its componentgxecutethe sharedactionend.

2.0bsy £ nrmyp.02 + lowp.02; 02 £ abSco.nTMya.end.End
correspondso a casewherethe readingof the flow sensorfrom
the pipe is impreciseand we cannotdistinguishif it is normal
(nrmy) or low (lowp).

3.0bss £ NTMp.abSco.NTMig NTMyp.Preco low, .end. End COr-
respondso observingwo snapshotd,e.,obsenrationsin two dif-
ferentstatedor thethreesensors.
Givena systemdescriptionSD andan obserationsObs, the diag-
nosiscanbe characterizedtartingfrom theequation
Diag = (Obs SUESM} SD) | H
in which SD and Obs are synchronizedver the set.S containing
all the actionsthe sensorscan witness,and H is the set of non-
obserableactions(for readabilitywe will omit thesetH in thefol-
lowing equations).

If we comparelLTSsp with the LTS underlyingDiag (LTSpiag)
we have that: (1) its sizeis reduced;(2) only somepathsleadthe
systento thefinal state;(3) somedeadlocks—statesom which no
transitionsarepossible—aréntroduced.

Only the pathsleading the systemto the state enablingaction
end correspondo evolutionswhich explainthe obserationsandare
thoseof interestfor our diagnosispurpose Otherevolutions,which
werepossiblen SD beforesynchronizatiorarenotallowedarymore
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sincethey correspondo behaiors which do not completelyexplain
theobsenations.

ForinstancegiventheequationS D; of Fig.2andtheobserations
Obs; abore, we canwrite

Diagl d=ef Obsy su[?id}SDl

S = {nrmyp,lowp, 2rop, absco, Preco, NTMia, lowta, 2r0ta }

Accordingto the obseration Obs1, thefirst sensowitnesses nor-
mal flow nrm, from thepump.This obserationcutsfrom LTSsp,
all the pathswhich startwith actionslow, or zro, sincethey are
not offeredby Obs:. Also thepathsin LTSsp, startingwith action
nrm, but expectingpre., areprunedbecause&lbs; expectsabsco.
By continuingthis reasoningthe only evolutions compatiblewith
the obsenationsarethosethat eventually enableactionend. These
arethe pathsof interestfor the diagnosis Notice that,asa resultof
thesynchronizatioetweenS D, andtheobserations thesearethe
only pathsthatdo notleadto deadlocksn LTSpiqg.

More formally, for eachcomponentC; we denoteby B; the set
of its behaioral modes,identified by the constantsappearingon
the right handside of the equationdefining C;. We then consider

the equationDiag £ Obs D4 }SD and the transition system

Su{end
LTSpiag. Eachstatein LTSpiqg isin theformO || C1 || ... || Cx
whereQ is the stateof the obsenation and C; is the stateof com-
ponentC;. We call final statethe stateEnd || ... || End (n + 1
times).

Definition 1 We saythat a patho = si1s2...s, in the LTS of
Obs SUI{}id} SD is consistentvith observation®bs if it leadsfrom
theinitial stateto thefinal state

From eachconsistenpathe it is possibleto extracta diagnosis.
Let us startfrom the casewherethe obserations correspondo a
single snapshofi.e., at mostone readingfor eachsensor).In this
caseadiagnosids simply the setof behaioral modescorresponding
to statef,- ino.

Definition 2 Givena consistenpatho = sis2. .. s,, a candidate
diagnosisA (o) is the setof behavioal modesh; € B; sud thatb;
correspondso somestateC; in s;. GivenadiagnosisA(c), AT (o)
is the setof fault modesn A(c).

A candidatediagnosisis thus an assignmenbf a modeto each
one of the componentsand we can shav that the setof candidate
diagnosesaccordingto Definition 2 coincideswith the diagnoses
thatwould be computedby abductve diagnosig4]. In analogywith
the abductve approachwe canalsodefinea notion of minimal di-
agnosis i.e., a diagnosisthat containsa non-redundanset of fault
moded4].

Let us considemow the caseof multiple snapshotsin this case
a path o can be partitionedinto a sequencer,...,ox of sub-
paths,eachone correspondingo a single snapshotWe thus have
that a diagnosisA (o) is a sequenceof single-snapshotliagnoses
A1(o),...Ag(o), whereeachA, (o) is obtainedrom o; according
to Definition 2.

6 Specifyingand testing diagnosability

In this sectionwe shav thatPER is a suitableframework for testing
the diagnosabilityof a system.Intuitively, studyingthe diagnosabil-
ity of a systemcorrespondso studyingif it canbe diagnosedjiven
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the available sensorsthe modelingabstractionsa numberof snap-
shotsof sensoreadingsThisis aninterestingpropertyandthe abil-
ity to verify it would be very importantin differenttasks.For exam-
ple,duringthedesignof asystemit canbeusedo decidethenumbey
positionandtypeof sensorsguringdiagnosticsoftwaredevelopment
it canbe usedto evaluatealternatve modelingassumptions.
Sinceagenerabiscussiorondiagnosabilitywould betoolong,we
consideteresomesimplecasegiving theflavor of theadequag of
PER for suchananalysisln particular we assumeahatwe areonly
interestedin finding an optimal sensorplacementfor diagnosabil-

ity [20].

Definition 3 We saythata systenis diagnosablewith a givensetSe

of sensos if andonly if (i) for any relevant combinationof sensos
readingsthere is only one minimal candidatediagnosisand (ii) all

faults of the systemcorrespondto a candidatediagnosisfor some
sensorreading

By relevantwe meanthatwe consideronly the combinationghat
canoccurin reality*. In termsof PER this propertycanbetestedoy
studyingtheequations

Diag; £ Obs; BN SD

SU{end}
for differentsetsof sensorsSe andthe correspondingetssS of ob-
senable actions,and for all relevant combinationsof obserations
Obs; for the selectedsensorsThis studyhasto be repeatedor dif-
ferentsetof sensorauntil we find the setthat makesthe systemdi-
agnosableNoticethatin the equationsDiag;, the PEFA modelSD
of the systemunderinvestigationis left unchangedVaryingthe set
of sensorgorrespondso varyingthe obserationandthe setsS and
H.

A systemis diagnosabléf for all Obs; and the corresponding
LTSpiag;, We have thatfor eachLTSp;q4; the pathshave the fol-
lowing property:

Definition 4 Givena setS = {o1,...,0,} of paths, we say
that the pathsin S are d-equizalentiff 3j sud that DY (a;) =

ﬂi=1..n D¥(03).

thatis, d-equialentpathscorrespondo the sameminimal candidate
diagnosisthe computatiorof d-equialencecanbe madeautomatic
usingthe PERA Workbench.

Property 1 A systemSD is diagnosablevith respecto a setSe of
sensos with correspondingobservablesctionsS if (i) for all rele-
vantobservationgbs; we havethatall consistenpathsin theLTS
of Obs; 5ul{>§ld} SD are d-equivalentand (ii) all faults correspond
to at leastonepathfor someObs.

Letusconsidergaintheexampleof Fig.1.Wehavethreepotential
sensorsflowp, levelr 4, levelco andwe areinterestedn finding
which minimal subset(spf themis sufiicient for having a diagnos-
ablesystem.We first startby studyingthe casesvherewe useonly
onesensomltatime. For example,if we considersensoievelr 4, we
canhave only threerelevantobsenrations

Obsy :=e: nrmiq.end.End Obsy & lowiq .end.End
Obss £ zrose.end.End
Thuswe have to studythreeequationof theform:

D'iagi d=ef Obsi s B SDl

v S = {nrmia, lowia, 21010 }

4 In somecaseghevaluesof sensorseadingsmay berelatedor constrained,
hencenotall thecombinationsaresignificant.
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It turns out that for Obss the systemis not diagnosablesince
LTSpiag, containstwo nond-equialentpathscorrespondingo the
two minimal diagnosisD; = {P") leaking} and D, = {PIV
leaking}.

Ontheotherhand,it canbe shavn thatwhenusingthe two sen-
sorslevelr 4 andlevelco thesystemis diagnosableln fact,for ary
combinationof valuesof thesetwo sensorsll pathsin the corre-
spondingLTSpiqg; ared-equialent.ltem (ii) of propertyl, i.e.the
fact that eachfault correspondgo at leastone path, can be easily
verifiedaswell.

MoregenerallysinceObs canbeary algebraiexpressionye can
testother dimensionsconcerningdiagnosability For example,one
couldcheckif takinginto accountherelative orderingof snapshots
is relevant for diagnosis(i.e., if a state-basedpproachis suficient
[22]). Thiscanbedoneby checkingif thetwo following expressions
leadto thesamesetof diagnosesor all relevantsnapshot®bs; and
Obs;

}SD

SD

Diag;; & Obs;.0bs; Sul{>§:d
Diagj; = Obs;.0Obs; Sul{)id}

7 Conclusions

We have shawvn that processalgebragand PER in particular)are
suitabletechniquedor model-basedliagnosisand for studyingdi-
agnosticpropertiesof physicalsystemsWhatwe presentectanbe

sisanddiagnosabilityjastbut notleast,it comeswith asuiteof tools
for testingsystenpropertiesvhich canbeextendedor ourdiagnosis
purposes.
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In ourcasethesystendescriptiortakestherole of thediagnosens
well; onceit is synchronizedvith anobsenationit is ableto perform
diagnosisNotice alsothatthis is donewithout makingassumptions
on which parametersan be obsered, or for exampleon whether
the orderof obsenationsis known or not. The choiceaboutthatis
left to the obserer, who is representedby an algebraicexpression
andis simply composedwith the systemitself. The sameholdsfor
definitionandverificationof systemdiagnosability
Whatcomesoutis thatPEFA allows anintensionakndtruly com-

positionaldescriptionof the systemto be diagnosedseparatinghe
systemitself from the obsenrer leadsto flexible notionsof diagno-
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