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Advanced Signal Processingand Control in Anaesthesia

Catarina Sofiada CostaNunes

This thesiscomprisesthree major stages classificationof depth of anaesthesigdDOA);
modelling a typical patients behaviourduring a surgicalprocedure and control of DOA
with simultaneousdministratiorof propofolandremifentanil Clinical datagatheredn the
operatingtheatrewasusedin this project

Multiresolutionwaveletanalysiswasusedto extractmeaningfulfeaturesrom the auditory
evokedpotentials(AEP). Thesefeatureswere classifiedinto different DOA levelsusinga
fuzzy relational classifier (FRC). The FRC usesfuzzy clustering and fuzzy relational
composition The FRC had a good performanceand was able to distinguishbetweenthe
DOA levels

A hybrid patient model was developedfor the induction and maintenancephase of

anaesthesiaAn adaptive networkbased fuzzy inference system was used to adapt
TakagiSugeneKang (TSK) fuzzy modelsrelating systolic arterial pressureg(SAP), heart
rate (HR), and the wavelet extracted AEP featureswith the effect concentrationsof

propofolandremifentanil The effectof surgicalstimuli on SAP andHR, andthe analgesic
propertiesof remifentanil were describedby Mamdani fuzzy models constructedwith

anaesthetistooperation The model provedto be adequatereflecting the effect of drugs
andsurgicalstimuli.

A multivariable fuzzy controller was developedfor the simultaneousadministrationof
propofolandremifentanil The controlleris basedn linguistic rulesthatinteractwith three
decisiontables oneof which represents fuzzy Pl controller The infusionratesof the two
drugsare determinedaccordingto the DOA level and surgical stimulus Remifentanilis
titrated accordingto the required analgesialevel and its synergistic interaction with
propofol The controllerwasableto adequatelyachieveandmaintainthe targetDOA level,
underdifferentconditions

Overall it waspossibleto modelthe interactionbetweenpropofol andremifentani) andto
successfullysethis modelto developa closedloop systemin anaesthesia
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Chapter 1

| ntroduction

‘Anaesthesia and ‘depth of anaesthesiaare two different entities that are frequently
confusedbecauseheysharea commonword: anaesthesiddlowever anaesthesiaomprises
muscle relaxation analgesiaand unconsciousnes§i.e. depth of anaesthes)a In other
words depth of anaesthesigDOA) is one of the componentsof anaesthesiaThese
conceptsare still a matterof debatein the medicalarea leadingto the lack of a global
standardiefinition.

Initially, a single drug was usedand signssuchas movement lacrimationand sweating
helpedto determineDOA. Theintroductionof balancedanaesthesiéhe useof threedrugs
i.e. amusclerelaxant an analgesiandan anaestheticimprovedthe safetyand comfort of
the patientfacilitating the surgicalprocedure but the clinical signswere obscuredby the
effectsof the differentdrugs The anaesthetis$tartedto usethe measurableardiovascular
parameterssuch as blood pressureand heartrate to basehis/her decisionabout DOA.
However these parametersare influenced by drugs such as B-blockers In addition
different patientsrespondin differentways increasingthe variability of the clinical signs
Therefore the searchfor an adequateDOA monitor turned to signalsfrom within the
centralnervoussystem(CNS) (Stanskj 1994; ThorntonandJones1993).

The electroencephalograft EG) was one of the first signalsstudied However the EEG
wasfoundto responddifferently to differentanaesthetiagentyIselin-Chaveset al., 1998;
Simanskiet al., 2001; Singh 1999). An appropriatesignal should show similar graded
changeswith anaestheticoncentrationgor different agents it should show appropriate
changeswith surgicalstimulus andindicateawarenesandlight anaesthesial he auditory
evokedpotentials(AEP), which aretheresponsesn the EEGto anauditorystimulus have
beenthe focus of manyresearcheandhaveled to somevery usefulresultsin monitoring
DOA (Backory, 1999; Elkfafi, 1995; Kenny, 2000; Kumar et al., 2000; Nayak and Roy;,
1998; ThorntonandSharpe 1998; Thorntonet al., 1989a).



Chapter 1: Introduction

UnconsciousnesOA) is very hardto defineandto measureadequatelysinceno direct
measurementsxist In addition to distinguishbetweerstageghatcouldleadto implicit or
explicit memory with or without pain andthe adequatestageof unconsciousnessithout
memoryor recall is notatrivial task(Jones1994).

Methodsneedto be developedto extractrelevantfeaturesfrom the AEP andto classify
thesefeaturesinto differentlevelsof DOA. This information could be usedto constructa
control systemfor DOA, consideringthe adequatenfusion rate of the anaesthetidrug In
recentyears severakesearcherbavedevelopedifferentcontrol structuredor inhalational
and intravenousagents using the AEP and other monitoring techniques Due to the
complexityandimportanceof DOA, thisis anareastill opento improvement

Balancedanaesthesiantroducedthe problem of drug interactions The anaesthetiand
analgesicdrugs may have different types of interactions increasingor decreasingthe
effectsof eachdrug potentiatingthe different side effectsor evenintroducing new side
effects(Berenbaum1989; Minto et al., 2000). The anaesthetisheedsto be awareof the
interactionsbetweendrugsfor the safetyof patients When consideringdrug interactions
severalaspectsieedto be consideredsuchasthe propertiesof thetwo drugs the presence
of surgical stimulus and the level of DOA. In addition there are pharmacokineticand
pharmacodynamiénteractions the first relating to the distribution and clearanceof the
drugsin thebody, the secondconcernednainly with the effectsof the drugs The studyand
guantificationof the effectsinherentto the simultaneousdministrationof the two drugsis
anewandchallengingareaof greatimportance

Propofol is the most usedintravenousanaesthetiagentfor its hypnotic propertiesand
almost lack of side effects comparedto inhalational agents In general propofol is

combinedwith one of the synthetic opioids so as to provide analgesia However the
optimal propofol infusion rate and concentrationare largely affected by the choice of
opioid and in somecasesby the durationof theinfusion (Vuyk, 1999, 2000). Therefore it

is importantto analysethe effectsof opioidsso asto decreas¢he amountof drug infused
andthe recoverytime. One of the advantage®f propofol and many of the opioidsis that
they canbe infusedautomaticallyusing infusion pumpsandtitrated accordingto patients
needs

Targetcontrolledinfusion (TCI) systemsarewidely implementedn the operatingtheatre
determiningthe infusion rate of propofol basedon a targetplasmaconcentratiorwhich is
set by the anaesthetistThis may inserta delay in the patients responsgsincethe drug
effect is governedby the effect concentrationand not the plasmaconcentration(Bovill,

2
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2000; Morita et al., 2000; Shafer and Varvel, 1991). In addition the opioids are
administeredn bolusdosesor constantontinuousnfusionsby the anaesthetist

The introduction of the new and ultra-short acting opioid remifentani] improved the
operatingconditions increasedthe ability to rapidly control the level of analgesiaand
reducedthe recoverytime (Camuand Royston 1999). However remifentanilhasstrong
interactionswith propofol which could be usedto an advantagen reducingthe overall
amountof druginfused

Analgesiai.e. painrelief, is difficult to establishsincetherein no measuref pain Thereis
the risk of implicit memorywith pain which hasa severeeffect on the patientand could
lead to traumaticexperiencesand postoperativedisorders Therefore the analgesicdrug
should be adequatelycombinedwith the anaesthetidrug to be of efficiency in general
anaesthesialn general the analgesicdrug is titrated accordingto the type of surgical
procedure the amount of surgical stimulus and the effects of the stimulus on the
haemodynamigesponsesAn opioid with a rapid onsetof action (such as remifentani)
allows for a rapid responseo the stimuluseffects The analysisof the brain signalswould
improvethe quality of analgesiasincetherewould beinformationaboutthe arousalcaused
by the stimulusin the CNSandsubsequergffectson the level of unconsciousness

A simulation systemwould help to train the anaesthetisin different circumstances
reflecting the drug interactions A monitoring and control systemis of greatvalue to

procesghe informationfrom the CNS advisingthe anaesthetisaboutthe DOA level and
requiredinfusion rate The analysisof the signalsfrom the CNS s crucial sinceit canbe
doneon-line in the operatingtheatre Without this the anaesthetidtasno informationabout
thebrainsignals In addition sucha structurewould alsowork asanalarmsystem alerting
theanaesthetidb anyeventthatcouldinterferewith the infusion profilesandor the patient
safety andanyfault(s) in theequipment

This project searchesfor a solution to the problems presentedabove and for a
robustreliable control systemthat could determinethe optimal infusion rate of both drugs
(anaesthetiandanalgesit simultaneouslyandtitrate eachdrugin accordanceo its effects
and interactions Such a systemwould be a valuableassistanto the anaesthetisin the
operatingtheatre
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1.1 Thesis Overview

Thisthesisis dividedinto sevenchaptersreferencesndbibliography andfive appendices
A brief explanatiorof the contentsof eachpartis presentechext

Chapter2 explainsthe conceptsof anaesthesiand depth of anaesthesigDOA). The
methodsof DOA assessmeritom clinical signalsto evokedpotentials are presentedThe
chapterfinisheswith areviewof the controlandmonitoringtechniquesisedfor DOA.

Chapter3 dealswith the classificationof DOA usingthe auditoryevokedpotentials(AEP)

and the haemodynamigarameterssystolic arterial pressure(SAP) and heartrate (HR).

Multiresolution analysiswith wavelet transformsis usedto extract meaningful features
from the AEP relatingto the classificationof DOA. A fuzzy relationalclassifier(FRC) is

developedand implementedusing clinical data The FRC usesfuzzy clustering and
relational matricesto establishthe link betweenthe natural data clustersand the DOA

levels The resultsof the FRC are presentedand comparedwith the resultsof a neural
networkandaneurefuzzy system

Chapter4 presentsthe clinical data gatheredand used during this research and the
characteristicof the anaesthetigropofol and analgesicremifentani| i.e. the two drugs
focuseduponin this project The pharmacokinetienodelsof both drugsare presentedvith

the conceptand mathematicatlerivationof the effect concentrationin addition a review
of the effects of interactionsof drugs relating to the simultaneousadministration of

anaestheti@and analgesiadrugs is presentedSpecialattentionis given to the synergistic
interactionof propofolandremifentanil

In Chapter5, a hybrid patient model is constructedusing fuzzy logic techniquesand
nonlinearoptimization The datagatheredn the operatingtheatreareusedto constructand
train the models The cardiovasculaparametersand waveletextractedAEP featuresare
modelled consideringtwo different phasesof general anaesthesjai.e. induction and
maintenance The synergismbetweenpropofol and remifentanil is modelled using an
Adaptive NetworkBased Fuzzy Inference System (ANFIS). The effects of surgical
stimuluson SAP andHR aremodelledusingthe anaesthetis$ opiniontranslatednto fuzzy
rules

Chapter 6 is the developmentof a multivariable control structure for DOA, with
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simultaneousadministrationof propofol and remifentanil The patientmodelis testedin
openloop simulationswith different drug profiles The closedloop simulation systemis
presentedn this chaptey linking the patient mode| the FRC of DOA and the control
structure First, a singleoutputcontrolleris developeddeterminingthe infusion rate of the
hypnoticdrug and usingthe analgesidn a constantinfusion rate Second a multivariable
controlleris constructedo asto determinghe infusion ratesof bothdrugs The controllers

areconstructedisingfuzzy logic techniquesandtestedvia a seriesof simulationswith the
developedatientmodel

Finally, Chapter7 presentshe conclusionsandrecommendationfor futurework.



Chapter 2
Depth of Anaesthesia

2.1 Introduction

The word anaesthesia is derivedfrom the Greekand means without feeling . It wasfirst
usedby the GreekphilosophemDioscoridesn thefirst centuryAD to describethe narcotic
effect of the plant mandragoraln 1771 EncyclopediaBritannicadefinedanaesthesias a
‘privation of the sense’s However modernanaesthesié consideredo datefrom 1846,

whenW. Morton introducedetheranaesthesitor dentalsurgery(Stanskj 1994).

Anaesthesiaan be definedas the lack of responseor recall to noxiousstimuli. General
anaesthesimcludesparalysis(musclerelaxatior), unconsciousnesslepthof anaesthes)a
andanalgesigpainrelief). Thefirst two areconcentratedn the operatingtheatre whereas
the third is also related to postoperative conditions In addition different surgical
proceduresequiredifferentproportionsof the threecomponents

The assessmentf depthof anaesthesi@dDOA) during surgeryundergeneralanaesthesia
hasbecomea very difficult processsincethe introductionof balancedanaesthesidn the
early daysof anaesthesjavhena singleagent(e.g. ethe) wasusedto controlall the three
componentof anaesthesjasigns of inadequateanaesthesi@aould be obtainedrelatively
easilyfrom clinical measurementandfrom patientmovement The main concernwasthat
muscularrelaxationcould only be providedat deeplevels of anaesthesialherefore the
hypnotic and analgesiccomponentswere in excessof thoserequired resultingin long
recoveries and other side effects Postoperativerespiratory and venous thrombotic
complicationswerefrequent(Carrieet al., 1996; Newton 1993). The point requiringmost
skill and carein the administrationof anaestheticsvas to determinewhen it has been
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carriedfar enough so asto avoid a too-deepstageof anaesthesi&Thorntonand Jones
1993).

The introductionof intravenousdrugsas part of a balancedanaesthesjgi.e. the useof a
musclerelaxant an analgesic and an anaestheticmadeanaesthesiaaferfor the patient
The three componentsof anaesthesiacould be more easily adjusted to individual
requirementamproving the patients operativeand postoperativewell-being However
this alsomeantthatthe measuresf anaesthetidepthbecameobscuredr evencompletely
ablated makingthetaskof measurindOA moredifficult.

Severalquestionsarise from balancedanaesthesiathe introduction of musclerelaxants
meant that excellent relaxation could be obtained while the patient was only lightly
anaesthetisedThe degreeof neuromusculaiblock can be monitored by observingthe
muscle responseto nerve stimulation commonly the ulnar nerve Asbury and Linkens
(1986) and Mahfouf (1994) are someof the researchersvho designedautomaticcontrol
systemsof neuromusculablockade However analgesiaand unconsciousnesare not so
easyto measureWhena patientis unconscioust is not alwaysclearhow muchanalgesia
is anagentprovidingor whatis the patients level of unconsciousness

Jones (1994) reported several casesof consciousawarenessoccurring in apparently
anaesthetisedpatients Explicit memory of conscious awarenesswith pain during
anaesthesiss differentfrom the situationwherethereis explicit memoryof intraoperative
eventsbut no pain (i.e. adequatenalgesiabut inadequatéypnosi3. Consciousawareness
with painperceptions the mostworrying complicationfor patientsandanaesthetistalike.
This may cause posttraumatic stress disorder resulting in nightmares anxiety, a
preoccupatiorwith deadand evenbereavementonflict. Thereforeg it is very importantto
establisranadequatenethodfor measuringd OA.

Anaesthesiologistaise a variety of observations such as blood pressure heart rate
lacrimation movement sweating and pupil responsgto makea judgementon the DOA
(Shieh 1994). However agents such as neuromuscular blockers p-blockers
anticholinergics or opioids obscure these signs of anaestheticdepth making them
unreliable This has promptedthe searchfor methodsfor detectingawarenessluring
anaesthesiand the gradedchangeshat occur within the central nervoussystem(CNS)
relatedto DOA.

Depthof anaesthesiaanbe consideredisa balancebetweernthe depressiorof the CNS by
the anaesthetidrug andthe stimulationof surgery A reliable monitor of DOA is of great
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importanceo establisheffectivecontrolin the operatingtheatre

2.2 Assessing Depth of Anaesthesia

Depth of anaesthesids difficult to define and to measureaccurately ”Anaesthesia
monitoring’, to assurethatthe level of anaesthesis adequatgeis of majorimportancefor
the anaesthetistso that accidentalconsciousawarenessiuring generalanaesthesiaan be
avoided If theeventof consciousawarenessccurs it couldleadto extremepsychological
consequencedsr the patientandto a malpracticditigation againsthe anaesthetist

The differentmonitoringmethodshat havebeeninvestigatedor DOA canbedividedinto
two groups thosethatdirectly detectawarenesandthosethatindirectly detectthe level of
consciousnesBy bioassay®f anaesthetidepth(Doyle and Tong, 1996). The majority of
monitoring methodsused at presentare indirect meaningthat the anaesthetishas to
deducehe patientanaesthetistatebasedon the patients response

The Tunstall s isolatedforearmtechniquels an exampleof the directmonitoringmethods
Oneforearmis protectedrom neuromusculablock with a tourniquetand at intervals the
patientis askedto squeezethe anaesthesiologis handin a specifiedway (Doyle and
Tong 1996). However if the patientis unconscioushe will not able to respondto the
anaesthetiss command It is worth noting that this techniquemay be suitablefor surgical
interventionswhere only analgesiaand musclerelaxationis neededbut not for general
anaesthesia

The isolatedforearmtechniquehasalso beenusedin unconsciougatients but insteadof
the patientsqueezinghe anesthesiologist handthe responses analysedy the movement
of the arm asa reactionto noxiousstimuli. Thorntonand Jones(1993) reportthat patients
responding with the isolated arm during anaesthesiararely recall this experience
postoperativelyandthey do not appearto experiencepain at the time. Theseresultsraise
the probability that very light anaesthesia sufficientto abolishthe sensatiorof painto a
range of surgical stimuli without any significant effect on consciousawarenessbut
inhibiting explicit recall Consequentlythe patientis unconsciousbut the brain may be
able to registerinformation as shown by implicit memory of intraoperativeevents This
monitoringtechniguecannotbe usedduringlong periodsof time, otherwisethe patientmay
sufferfrom the effectsof ischaemialn addition the tourniquetis anextracauseof painfor
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the patient makingit anunsuitablegechniquealtogether

A review of the indirect monitoringmethodss given here Thesebioassay®f anaesthetic
depthincludeclinical signs electroencephalograravokedpotentials andothers

2.2.1 Clinical Signs

Clinical signsof DOA derive directly from the patient Haemodynamicesponsesuchas
heart rate (HR), systolic arterial pressure(SAP), mean arterial pressure(MAP), and
diastolic arterial pressurg DAP) are widely usedin currentanaesthetigracticefor DOA
assessmenit is thereforelikely thatthey carryusefulinformation However the usefulness
of clinical signsis reducedby drugssuchas -blockersor opioids and conditionssuchas
surgicalhaemorrhage.e. bleeding

Anaesthetistaisea variety of clinical signs suchas pupil responsgsweating lacrimation
and haemodynamicaesponsesThe relevanceof these clinical signs has been widely
discussed

ThorntonandJoneg1993) reportthatafterthe introductionof curare(SecondWorld War),
clinical signssuchas pupil size respiratoryand peripheralmovementwere eliminated In
addition it was very difficult to categorizethe clinical signs of anaesthesidor one
inhalationalanaesthetiagent let alonefor agentsn general

Patientmovementas an indicator of DOA is uselesswvhen the patientis paralysedvia a
musclerelaxant Respirationcannotbe usedif a patientis underartificial ventilation Pupil
diameteris reducedartificially with the applicationof opioids Neverthelessthe use of
clinical signsis well spreadn anaesthesia

Greenhowet al. (1992) describean expertsystemthat providesdecisionsupportfor control
of DOA by merging a number of qualitative clinical signs and quantitative ortline
measurementshey usea measureof relevanceand certaintyto reflect the usefulnesof
clinical signsin differentsituations

Linkens and Rehman (1992) use artificial neural networks to determine DOA, with
isofluraneas the inhalationalanaestheticTargetvaluesfor HR, SAP and respirationrate
arederivedby the anaesthetidor individual patientsundergoingsurgery andusedasinput
to the system They conclude that anaestheticagents affect the respiratory system
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cardiovasculasystem centralnervoussystemandmuscle

The objectiveof Robbet al. (1993) wasto determineif a clinically acceptableanaesthetic
statecould be achievedby alteringisofluranedosageto maintainSAP at a predetermined
value TheysuggesthatSAPis amajorcomponentn theclinical assessmerf DOA.

Shieh(1994) usesa hierarchicalstructureto monitor DOA, basedon measurablelatasuch
as SAP and HR, and on non-numericalclinical signssuchas sweating lacrimation and
pupil responseavhich areobservedy the anaesthetistndinput manuallyto the system

Vefghi and Linkens (1999) useSAP, HR, respirationrate age weight andsexto classify
the anaesthetistate Frei et al. (2000) usedMAP regulationto maintainthe patientin an
adequatdevel of DOA. The overall control objectiveof Raoet al. (2000) wasto maintain
thehaemodynamiwariablesMAP, cardiacoutput andmeanpulmonaryarterialpressuret
desiredsetpoints

Haemodynamicesponsesare alsousedasa comparisorwhenothermeasure®f DOA are
beinginvestigated Crabbet al., 1996; de Beeret al., 1996). Mortier et al. (1998) reporton
the complex nature of DOA when simple measuresof the EEG correlate poorly with
clinical parametersin particular haemodynamigarametersare usedto determinethe
efficacy of opioids and evaluatetotal intravenousanaesthesigTIVA) (Alexanderet al.,
1999a; Hogue et al., 1996; McAtamney et al., 1998). Opioids are used to control
haemodynamichangesn responseo noxious stimulus (Casatiet al., 2001; Hall et al.,
2000; Jooet al., 2001; Litman, 2000; O’ Hareet al.,1999; Songet al., 1999; Thompsonet
al., 1998).

Wuesteret al. (2001) titratedthe opioidsto maintainHR andMAP within 20% of baseline
and defined inadequateanalgesiaas responsego surgical stimulus by hypertensionand
tachycardia However inadequatehypnosis was defined as the EEG bispectral index
greaterthan60 andwastreatedwith propofol

Satisfactoryanaesthesiaequiresadequatecardiovasculamand respiratorystability, no or

minimal patient movement and no awarenessr recall of eventsduring the procedure
(Kenny, 2000). Thereforeit is acceptabléhathaemodynamiparametershouldbe usedas
anextrainformationto asses®OA. However to rely only uponthemwill not reflect DOA

in generalanaesthesia
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2.2.2 Anaesthetic Concentration

Monitoring DOA usingthe concentratiorof the anaesthetiagenthasbeenwidely usedin
the caseof inhalationaldrugs The minimum alveolar concentration(MAC) of inhaled
anaestheticequiredto prevent50% of patientsfrom respondingto painful stimulushas
been used as a monitor of DOA (Stanskj 1994). MAC is measuredby endtidal
concentration The endtidal concentrationof anaesthetidn the alveoli is used as an
indicator of the anaestheticconcentrationin the brain The MAC conceptdescribesa
concentratiorversusresponseelationship

Chilcoatet al. (1984) used a controlsystemto bring the tensionof anaesthetiin the brain
to any value specifiedin MAC units. One of the manyresearcheé control of MAC of
inhalationalagentsis by Nayak and Roy (1998) who use MAC and evokedpotentialsto
estimateDOA.

The introduction of intravenousagentsreducedthe toxic effect of inhalational agents
speciallyin the liver and kidneys but also in the operatingroom environment(Morgan

1983; Zbindenand Luginbuht 1996). However thereis not an equivalentof MAC for

intravenousagents

The steadystateplasmaconcentratiorof intravenousanaestheticequiredto prevent50%
of patientsfrom respondingdoesnot correspondo MAC for inhalationalagentsdbecausét
cannotbe measuren-line. In addition the relationshipbetweeninfusionrate and blood
level concentratiorof intravenousdrugsvarieswidely betweerpatients

The variability of pharmacokineticgor intravenousagentshas beenreportedby several
researcherg(Glass 1998; Vuyk, 1998). Similar infusion rates produce significantly
differentblood concentrationsFor instance the pharmacokineticef propofol are affected
by age genderandweight(Hirota et al., 1999; McFarlanet al., 1999; Schuttlerandlhmsen

1993; Vuyk et al., 2001).

Davidson et al. (1993) reportedthat a 67% nitrous oxide dosagereducedthe EC50
(effective concentratiorof propofol at which 50% of patientsdo not respondto a painful
stimulug by 30%. Furthermore Vuyk (2000) analysedthe reductionin the required
concentratiorof propofolvia opioids
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2.2.3 Electroencephalogram

The electroencephalograntEEG) has been used to monitor the effects of general
anaestheticson the CNS and is known to show graded changeswith increasing
concentrationsof anaesthetic§Doyle and Tong, 1996; Thornton and Sharpe 1998).
Generatedrom within the CNS the EEG s not affectedby neuromusculablocking agents
andit hasbeenusedto monitor DOA.

The EEG representscortical electrical activity derived from summatedexcitory and
inhibitory postsynapticactivity, which are controlled and pacedby subcorticalthalamic
nuclei The EEG is a noninvasive indicator of cerebralfunction when the patient is
unconsciousindunresponsivéStanskj 1994).

The unprocessedEG is difficult to interpref sucha complexsignalis of limited value
(Mortier et al., 1998). Therefore severaltechniquesnvolving frequencyanalysisof the
EEGhavebeendevelopedsothata reducechumberof numericalparametersould be used
ortline by the anaesthetistand still reflect the descriptive propertiesof the EEG with
respecto DOA.

Bispectralanalysisis oneof the techniquesisedto compresghe informationon the EEG.
This is a methodof signal processinghat accommodateguadraticinteractionsbetween
wave componentsnaking up the EEG trace by quantifying phasecoupling Therefore it
determineghe harmonicand phaserelationsamongthe variousEEG frequenciegJones
1996; Kissin, 2000).

Mortier et al. (1998) use the bispectralindex (BIS) as the control variable for the
administrationof propofolin 10 patientsduring spinalanaesthesialrhe BIS describeghe
complex EEG patternas a single variable and similarly to the EEG the BIS behaves
differently with differentanaestheticd-or this reasontheydevelopedIS usinga database
of EEG datarecordedwith different anaestheticsBIS was also usedby Absalom and
Kenny (1999) to control propofol infusion for anaesthesiain patient undergoing
orthopaedicsurgery

Kissin (2000) statesthat BIS is promisingasa monitor of unconsciousnesslowever BIS
shouldbe derivedstatisticallyfrom a databasevhich includesmanytypesof anaesthetics
andtheir combinationsIf BIS is usedwith a new drug or new patientpopulationthat was
notin theoriginal databasgt mustbere-evaluatedin the samestudy; it is reportedthatthe
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accuracyof BIS is alteredwith the addition of opioids or nitrous oxide. The accuracyof
BIS monitoringto preventawarenesss higherwhena singleanaesthetics used

Gajrajet al. (1999) comparedhe bispectralEEG analysiswith auditory evokedpotentials
(AEP) for monitoring DOA during propofol anaesthesiarhey reportedthat the BIS was
unableto detectthe transactionfrom unconsciousto consciousnessNeverthelessBIS
appearedo measurehe effectof the hypnoticat thetime of unconsciousness

Muthuswamyand Roy (1999) usedfuzzy integralsand bispectralanalysisof the EEG to
predictmovementnderanaesthesial hey designeca methodologyfor estimatingDOA in
a caninemodel that integratesEEG derived parametershaemodynamigarametersand
MAC of inhalational agents (isoflurane halothane and nitrous oxide). The EEG
characteristicschanged with the anaestheticlevel and various other physiological
parametersAs aresult theyconcludedhata singlemodelmaynot beaccurateat all times

Singh (1999) reportedthat the utility of BIS dependson the anaestheti¢echniquebeing
used Whenisofluraneor propofol are usedasthe primary anaestheti@gents changesn
BIS correlatewith the probability of responseto skin incision If opioids are used the
correlation of BIS values with movement responseto skin incision becomesless
significant They conclude that BIS is a monitor of sedationor hypnosisand cannot
providepre-emptivewarningaboutinadequacyf all thecomponent®f anaesthesia

Gentilini et al. (2001a, 2001b) arepartof aresearchgroupthathasbeenstudyingthe useof
BIS in closedloop control of anaesthesiarhey use BIS for modelling and closedloop
control of hypnosiswith the volatile anaesthetigsoflurane The controlleris basedon a
modelidentified from experimentn 20 volunteergGentilini et al., 2001b). The modelis
usedto predict BIS from the measurecdendtidal isoflurane concentrationsThe complex
systemsncludeartifacttolerancerespiratorysystemmode| anda smoothtransferbetween
manual and automaticcontrol The closedloop systemwas testedon one patient and
presentedan acceptableperformance This study confirmed the usefulnessof the BIS
monitor for the titration of the drug The authorsstatethat this closedloop systemcanbe
used with other volatile anaesthetigsas long as the appropriatepharmacokineticand
pharmacodynamimodelis used If intravenousanaestheticare usedthe approachhasto
be completelychangedsincetherespiratorysystemwill not be usedandthe concentrations
cannotbe measuredonline This is a ongoing study which involves severalresearchers
suchasLuginbuhland Schinder(2002). Theyreportediwo casestudiesusingBIS to detect
awarenesswhen using the anaestheti@rug propofol and the analgesiaemifentanil The
BIS monitoringprovedto be a usefultool for early detectionof an unintendedlecreasef
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hypnotic drug effect BIS correlateswith both the incidence of explicit and implicit
awarenessThe useof DOA monitorsis usefulin preventionof awarenessogetherwith
practiceguidelinesandcontinuouseducatiorof the anaesthetist

Simanskiet al. (2001) consideredhe control of neuromusculablockadeand control of
DOA using BIS andthe cardiacoutput asinputsto the system They concludedthat the
main disadvantageof the EEG measurementis the variation with different anaesthetic

agents

Spectralkedgefrequency(SER (95% of the powel) andthe medianfrequency(MF) (50% of

the powel of the EEG have also been investigatedfor the possibility of detecting
awarenesSGajrajet al. (1998) showedthattherewasalmostno separatiorbetweerthe MF

and SEF valuesobtainedin the awakeand unconsciousubjects raising doubtsaboutthe
adequacyof thesemeasurementsThe samestudy showedthat BIS correlateswell with

predictedblood concentratiorof propofol during recoveryof anaesthesjaut the auditory
evokedpotentialswerebetterat distinguishingconsciousnessom unconsciousness

Asterothet al. (1997) usedthe MF asthe control variableto adjustthe vaporizersetting
They reportedthat MF alone does not include enoughinformation to enable proper
classification

Graafet al. (1997) useneuralnetworksto extractfeaturesfrom the raw EEG. They use
thesefeaturego designa decisionsupportsystemn anaesthesia

Kuizengaet al. (1998) studiedthe effectsof propofol on the EEG in 10 healthysurgical
patientsunderextraduralanalgesiaThe EEG amplitudein six frequencybandswasrelated
to arterial blood propofol concentrationand responsivenesto verbal commands They
observeda biphasic EEG amplitude responseto an increasingblood concentrationof
propofolin all frequencybands In the sameresearchit wasreportedthatthe studyof EEG
changesausedy hypnosisin the anaesthetisesurgicalpatientarehinderedby the effects
of currentlyadministeregedativeandanalgesiarugs

Zhangand Roy (2001) use EEG derived parametersuch as complexity, regularity, and
spectrakentropyto estimateDOA.

The EEG changesvary from different combinationsof anaestheti@agentsused because
differentagentshavedifferent effectson the EEG (Thorntonand Jones 1993). In addition
Iselin-Chaveset al. (1998) reportthat eachanaestheti@altersthe EEG differently, making
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precisecorrelationbetweerEEG changesandDOA problematic

2.2.4 Evoked Potentials

Evokedpotentials(EP) arederivedfrom the EEG in responseo auditory, somatosensory
nociceptiveand visual stimuli. They reflect the functional integrity of specific peripheral
andCNSregionsin humangThorntonandSharpe 1998).

The EP are describedin terms of the poststimulation latency in ms (time between
application of a stimulus and the occurrenceof a peak in the EP waveforn) and
peakto-peakamplitude(in mV or nV) of individual peaksin the waveform Thesepeaks
andtroughsarisefrom specificneuralgenerators

EP are sensitiveto anaesthetidrugs As a result they havebeeninvestigatedas possible
measuresf anaesthetidrug effectandDOA (Kumaret al., 2000; Stanskj 1994; Thornton
andJones1993).

The changein EP is similar and uniform for potent inhalational and intravenous
anaestheticsThis contrastwith the EEG, in which different parametersnustbe examined
dependingnthe anaesthetibeingused

Accordingto thetype of stimulusused therearefour main EP. auditoryevokedpotentials
(AEP), somatosensorgvokedpotentials(SEP, movementevokedpotentials(MEP) and
visual evokedpotentials(VEP). The advantageanddisadvantagesf SER, VEP andMED

arepresentechere The AEP aredescribedn greaterdetailin Section2.3. The AEP have
beengreatlyusedto monitor DOA, the signalshowssimilar gradedchangeswith different
anaestheticandreflectsthe subjectiveclinical signsusedby the anaesthetist

2.2.4.1 Visual Evoked Potentials

Visual evokedpotentials(VEP) are recordedafter monocularstimulationwith recording
electrode®verthe occipital parietalandcentralscalp The VEP arerecordedn responseo
visual stimuli suchasflashinglights or a checkeboardpattern VEP havethe disadvantage
that the highly reproduciblepatternof EP requiresthe subjectto focus on the checker
board whichis not possiblefor anaesthetisegatients In addition VEP with flashinglights
are variable betweenpatientsandtrials, this hasbeendescribedas qualitativeratherthan
guantitative(Thorntonand Sharpe 1998). Kumar et al. (2000) statesthat VEP cannotbe
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reliably interpretedntra-operatively

VEP havebeenusedin neurologyto confirm andlocalizesensoryabnormalitiesto identify
silent lesion and to monitor changesbut little researchexistswith respectto anaesthesia
(Nuwer, 1998).

2.2.4.2 Motor Evoked Potentials

Motor evoked potentials (MEP) are recordedby measuringcompoundmuscle action
potentials(with the help of fine wire electrode} within musclesinnervatedby the motor
nerveof surfaceelectrodesafterdirectstimulationof the nervein the operativefield. MEP
assessghefunctionof themotorcortexanddescendingracts(Kumaret al., 2000).

Pechsteinet al. (1998) testedthe influence of two anaesthetidechniquesof general
anaesthesidisoflurane plus nitrous oxide or propofo) in the MEP. The MEP were

monitored by transcranial and direct cortical high frequency repetitive electrical

stimulation They concluded that high dosesof isoflurane and nitrous oxide are not

compatiblewith the recordingof muscleactivity, andthatevaluationof muscularesponses
aftertranscraniastimulationis not feasiblewith balancedanaesthesiwith isoflurane

Motor function testingis not feasibleduring someoperationsand neuromusculablocking
drugsmayobscureheresponsesompletely

2.2.4.3 Somatosensory Evoked Potentials

Somatosensorgvokedpotentials(SEP areproducedoy stimulationof the sensorysystem
They can be recordedby stimulatingalmostany nervetrunk at variouslevels The most
frequentare thosein responsd¢o medianand ulnar nervestimulation The SEPelicited in
responsdo cutaneougainful stimuli havea largerlatencydependingon the site andtype
of stimulus(ThorntonandSharpe 1998).

Nuwer (1998) reviewsthe applicationsof SEPin neurologyandin the operatingroom He
statesthat certain inhalational anaestheticsnust be avoided when using cortical SEP
monitoring becauseghe responseanbe abolishedby them However SEPhavebeenvery
useful in monitoring the spinal cord during scoliosis proceduresand other surgical
interventionsin which it (the spinal cord) is at risk of damage SEP testsare of better
guality whenthe patientis testedasleep andthey havebeenusedin theintensivecareunit
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(ICU) to assesprognosidor comatoseatients

Kumar et al. (2000) explain that both false negativeand false positive resultshave been
reportedwith intraoperativeSEP monitoring However the reliability of SEPto predict
postoperativesomaticsensoryfunctionis very good This supportsthe ideaof SEPbeing
usedmainlyin ICU.

Cortically generatedSEP wavesreflect the analgesicrather than the hypnotic action of

anaesthesialhorntonand Jones(1993) report observationghat etomidateand propofol

(which aredevoidof analgesicaction) failed to depresghe responsgwhereasopioidslike

fentany| sufentani] and morfine significantly suppressamplitudesof SEP In contrast

Samraet al. (2001) report that there is large variability in SEP morphology with the
introductionof opioids Theycomparehe effectsof two opioids(remifentanilandfentany)

on intraoperativemonitoringof SEPduring isofluraneanaesthesjaut it is not clearif the
resultspresentedredueto the analgesiactionor to the interactionbetweerthe analgesic
andthe anaesthetidrugs

2.2.5 Other Methods of DOA Assessment

Thelower esophageatontractibility methodmeasuresontractionf the lower esophagus
The striatedportion of the esophaguss innervatedby reticularformationof the brain stem
Stanski (1994) explains how DOA might be measuredby the degreeof spontaneous
contractionof the lower esophagusConsideringthat increasingconcentrationf potent
inhalatedanaestheticslecreasedower esophageatontractibility, it was inferred that the
frequencyof suchcontractionscould predictmovementin responseo skin incision during
anaesthesia

Thornton and Jones(1993) state that there is large variability betweenpatients with
differentanaesthetitechniquesTheyalsoreportthatthe doseresponseurvefor provoked
esophageatontractionswas shallowerthan that for spontaneousontractions Therefore
the method may be inappropriatefor assessingcognitive function during anaesthesia
Furthermore Thornton et al. (1989b) reportedthat there was no consistentrelationship
betweenesophageatontractionsand evoked potentials In addition there was also no
relationbetweeriower esophageatontractibilityandpropofolblood concentration

Bojanic et al. (2001) place the hypothesisof ocular microtremor (OMT) as a tool for
measuringDOA. OMT is a fine high frequencytremor of the eyescausedby extraocular
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muscleactivity stimulatedby impulsesemanatingn the brainstem They studiedthe effect
of generalanaesthesianducedwith propofol on the OMT in 22 patients There were
significant differencesbetweenthe last awake OMT recordingand the first recordingat
loss of consciousness-urtherstudiesare neededo establishthe efficacy of this method
OMT hasanobviousmeasuremerdifficulty .

2.3 Auditory Evoked Potentials

The auditory evoked potentials (AEP) waveform with its seriesof peaksand troughs
representshe passag®f electricalactivity from cochleato cortex The AEP aremeasured
via electrodeson the surfaceof the scalp Theyareresponsesn the EEG to clicks applied
to both ears Among all the EP the AEP are the most promising and most studied to
monitor DOA (Abbod et al., 1998; Backory, 1999; Elkfafi, 1995; Elkfafi et al., 1998;
Kenny, 2000; Kenny and Mantzaridis 1999; Linkenset al., 1997a; Nayakand Roy, 1998;
ThorntonandSharpe 1998; Thorntonet al., 1989a).

The AEP consistof threewaves the brainstemwaves(1-10 ms), the middle latencywaves
(or earlycortical 10-100 ms), andthe late latencywaves(or late cortical >100 ms). These
wavesare generatedrom differentlevelsof the neuraxis which aredifferentially sensitive
to drugsandsensorystimuli. The AEP arenot affectedby neuromusculablockingdrugs

Thelate cortical wavesare attenuatecéndevenabolishedoy generalanaesthesjasedation
andsleep Therefore theyarenot appropriategor clinical use

The brainstemwaveslatencieshave doserelatedincreasesvhen inhalationalagentsare
used However intravenousagents(such as propofo) have little or no effect on the
brainstemwaves As a result they cannotbe usedto measureDOA when intravenous
agentsarepresen{ThorntonandJones1993).

Middle latencyevokedpotentials(MLAEP) are ableto distinguishbetweenthe awareand
anaesthetisedtateand subsequen€CNS depressionreflecting the balancebetweenCNS
depressiongausedby anaesthetidrugsand arousalcausedoy surgical or other stimuli.

Changesin the latency of the MLAEP correlate with the transition from awake to
unconscious and subsequentlecreasesnd increasesin the amplitude of thesewaves
reflectthe interplayof generalanaesthetigsurgicalstimulationandobtundingof the latter
by analgesic¢ThorntonandSharpe 1998).
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Figure 2-1 and Figure 2-2 showthe MLAEP signal (peakslabelledNa, Pg Nb, Pb) when
the patientis awake and anaesthetisedespectively(Backory, 1999). The differencein
amplitude and latency of the peaksis clear betweenthe two figures reflecting the
correlationbetweernMLAEP andDOA.

Kumaret al. (2000) statethatthe changan the MLAEP reflectsthe hypnoticcomponenbf
anaesthesias opposedto an analgesiceffect The MLAEP are particularly helpful in
understandingthe central effects of various anaestheticagentsand in monitoring the
conceptof implicit memory awarenessind DOA. The AEP reflect the subjectiveclinical
signsthat anaesthetistase andindicatethe responsef the CNS. However AEP havethe
disadvantagef beingsusceptible¢o intraoperativadisturbance¢Simanskiet al., 2001).
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Figure2-1: The AEP from anawakepatient(Backry, 1999).
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Figure2-2: The AEP from ananaesthetisegatient(Backory, 1999).
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Consideringhe ability of the MLAEP to reflectthe anaesthetistate therearetwo studies
basedon the possibility of the MLAEP predictingmovementduring generalanaesthesia
Schwendeteet al. (1997) reportedthat during intraoperativemovement amplitudesof the
MLAEP increasedand latenciesdecreasegrogressively When movementwas observed
the recordedMLAEP were similar to the awake state This study was performedin 40
patients undergoing elective laparotomy under epidural analgesia anaesthesiawas
producedwith isofluraneor propofol In contrastKochset al. (1999) reportedthat noneof
the AEP or EEG variableswere ableto predict whetherpatientswould move to surgical
incision However datacollectedafterskinincision, whenthe patientwasactuallymoving
reflected significant changesin Pa and Nb amplitude from the preto-post incision Of
course the information is obtained too late to be of predictive value for the
anaesthesiologist Therefore MLAEP may not predict movementin responseo surgical
stimuli, buttheyindicateinadequate@naesthesiby respondingo movement

Signalprocessingf the AEP is divided into two steps extractingthe AEP, and obtaining
relevantfeaturesfrom the signal so asto asses©DOA. Subsequensectionsexplain the
extractionof the AEP from the EEG and alsothe different methodsusedfor AEP feature
extraction

2.3.1 Signal Extraction

The AEP areresponsef the EEG to auditorystimuli. Thereforeit is necessaryo extract
the AEP from the randombackgroundEEG or noise Ensembleaveragings the mostused
tool in the analysisof evokedbrain waves (Aunon et al., 1981; Thorntonand Sharpe
1998).

This techniquerequiresthe stimulusto be appliedat a knownandprecisepointin time, and
is straightforwardor auditory, visualandelectricalstimuli.

It is assumedhatthe measuredvaveformf(t) is of theform:
f(t) = a(t) + n(t) 2-1

wherea(t) is the evokedpotentialand n(t) is the noise(i.e. the ongoingEEG). Therefore
if the noise n(t) is independentf the AEP and a(t) repeatsitself with each stimulus
presentationthen an estimateof the AEP canbe obtainedby simple ensembleaveraging
(Aunonet al., 1981).
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Ensembleaveragingdecreaseshe noisein a mannerinversely proportionalto the square
root of the numberof replications assuminghatthe signalcomponents deterministi¢ the
expectedvalue of n(t) is zerg the noisein one epochis not correlatedto the noisein
anotherandthatthe averaggoweris the samefor eachepochof noise

2.3.2 AEP Feature Extraction

The MLAEP show graded changeswith anaestheticconcentrationsand show similar
changesfor different agentsin the time and frequencydomains Appropriate choice of
signal featuresfor data compressionwith acceptableclassification performanceis of
primary concernin the designof automaticDOA monitors Researcherhave used a
differentnumberof discriminatoryfeaturesextractedirom the MLAEP. A review of these
methodss presentecdhext

2.3.2.1 Paand Nb Latencies

Several researchergeported that the Nb latency is associatedwith wakefulnessand
consciousawarenesswith explicit recall As the latency increases amnesiaoccurs
followed by loss of consciousnesand ultimately loss of implicit memory(de Beeret al.,
1996; Kumaret al., 2000; Newtonet al., 1989; Savoiaet al., 1988; Schwendeet al., 1997,
ThorntonandJones1993; Webbet al., 1996).

Increasingconcentration®f propofol reducedamplitudesandincreasedatenciesof waves
Pa and Nb. These changesin the early cortical variables were related linearly to
concentrationResearchersoncludedthat MLAEP reflect the hypnotic componentof an
anaesthetidrug(Schwendeet al., 1994; Thorntonet al., 1989a; White et al., 1999).

Palmet al. (2001) investigatedthe doseresponseelationshipof propofol and MLAEP.
They studied 100 patientsin cardiac surgery with a propofofsufentanil regimen The
MLAEP where evaluatedusing PaNb amplitudesand Nb latencies Propofol suppressed
amplitudePaNb in a dosedependenmanner In the samestudy; it wasreportedthat AEP
arelessinfluencedby the applicationof opioidsandbenzodiazepingsvhereasanaesthetics
like isofluraneor propofol diminish MLAEP in a dosedependenmanner As a result the
preservedMLAEP during opioid-based anaesthesiallow the processingof auditory
information
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2.3.2.2 AEP Index

The AEP index is a mathematical derivative which reflects the AEP waveform
morphology andis calculatedfrom the amplitudedifferencebetweensuccessivesegments
of the MLAEP.

Gajraj et al. (1998, 1999) used the AEP index to distinguish the transition from
unconsciousnegs consciousness heyreportedthatthe AEP indexwasbetterthanBIS at
distinguishing consciousnesdrom unconsciousnesswhile BIS correlated well with
predictedblood concentrationof propofol They concludedthat AEP index providesa
measuref the overallbalancebetweersurgery analgesiandhypnosis This characteristic
of the MLAEP is alsosupportedby Thorntonet al. (1988, 1989b). They reportedthat the
amplitudeof cortical wavesin the AEP are sensitivenot only to anaestheticoncentration
butalsoto surgicalstimulation

Doi et al. (1997) also statedthat the AEP index did not correlatewith blood propofol
concentratiorbeforeeye opening They observedthat the AEP index reflectsthe level of
consciousnesgatherthan blood concentratiorof propofol Schraaget al. (1999b) proved
that the AEP index has more discriminatory power (describing the transition from
conscioudo unconscioustatg thanBIS.

2.3.2.3 AEP Feature Extraction using the Wavelet Transform

One of the methodsused for detailed feature extraction from recorded AEP during
anaesthesjas the wavelettransform(WT) (Backory, 1999; Lee et al., 1997, 1998; Miller

et al., 1998; Qin et al., 1998; Thakoret al., 1993). The WT hasalsobeenusedfor feature
extractionof otherbiomedicalsignalssuchasthe electrocardiogranfECG) (Bahouraet al.,

1997; Li et al., 1995). The power of the WT lies in its multiscaleinformation analysis
which can characterizea signal very well. The WT has potential for processing
time-varyingbiomedicalsignals

Multiresolution analysis (MRA) with  WT was used to decomposethe signal into
approximationsat different scalesof resolution The waveletcoefficientsof the MLAEP
detail componentsvere usedto calculatethe averageenergyin eachof the components
(Abbod andLinkens 1998b; Backoryet al., 1998; Linkenset al., 19974). Thesefeatures
werevalidatedby Backory(1999) usingdatafrom 14 patientsundergeneralanaesthesia
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Stockmanngt al. (1997) investigatedf the WT could be usedfor the quantificationof the
MLAEP signal Their analysiswasbasedon the consecutiveextractionof the detailsfrom

the original signal The MLAEP of 7 healthy volunteers were processedby a

onedimensionaldiscrete waveletdecomposition Only one parameterwas obtained by

combining significant coefficients This wavelet parameterof the MLAEP could detect
anaesthetisedndawakewith similar accuracyandover-all classificationcomparabldo the
Nb latency This methodwas not usedunderclinical conditions thereforeno interference
from noxiousstimulusis present

Nayak and Roy (1998) usedthe discretetime wavelettransform(DTWT) to compactthe
MLAEP. A stepwise discriminantanalysiswasperformedto obtainthreefeaturesrom the
MLAEP that could separategespondersrom nonresponderslhey reportedthat acceptable
clinical performancevasobtainedn dogs

NayakandRoy (1995) comparedhe DOA predictionperformanceof the WT with power
spectrumand the autoregressiveparameterof the MLAEP. Results showedthat WT
parametersisedin combinationwith anaestheticoncentratiorclassifiedcorrectly all the
testingdata The betterperformanceof the WT was attributedto good localizationin the
time frequencydomainand low sensitivity to signatto-noiseratio. In this study, MLAEP
datawascollectedfrom dogsunderisofluraneanaesthesia

2.3.2.4 Other Methods of AEP Feature Extraction

Munglaniet al. (1993) usedcoherenffrequencyof the AEP asa measureof consciousness
in isofluraneanaesthesiarhe coherentfrequencyof AEP is derivedusingauditory clicks
presentedht frequenciesn the range5-47 Hz (after Fourier transfornm). They concluded
that the coherentfrequencyreflectsthe likelihood of cognition during anaesthesjaas it
showedconsistenthangesvith anaesthetiadministratiorandstimulation

Elkfafi et al. (1997) processedhe AEP using a parametricidentification technique The
basisof this approachwasa parametrianodel(ARX) providedfor boththerequiredsignal
(AEP) and the superimposedoise (EEG). Three factors were elicited to describethe
changesn amplitudesand latenciesof MLAEP. They comparedhe useof AEP with the
useof classicalcardiovasculaparametergor monitoring DOA. AEP signalsgavereliable
resultsin all caseswhile sometimesSAP and HR did not represenDOA adequatelyfor
physiologicalreasonge.g. bloodloss fluid losg.
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Allen andSmith (2001) useda simplebackpropagatiomeuralnetworkto extractpertinent
featuresfor the AEP signal Thesefeaturesare usedas input to a control systemfor
administratiorof anaesthetic

2.4 Monitoring and Control in Anaesthesia

The adequacyof a DOA monitor hasbeendeeplydiscussedn the researcharea Ideally,
sucha monitor shoulddistinguishbetweernthe awakeandthe unconscioustateandshould
not be affectedby the haemodynamicstatusof the patientor by vasoactivedrugs A
reliable monitor of DOA should presentsimilar answerswith different anaesthetidrugs
administeredto equal potency Furthermore it should have the ability to control
anaesthesim aclosedloop system

A closedloop control systemfor anaesthesiallows more frequentand more accurate
adjustmentdo the DOA (i.e. automatedand online measuremenof DOA). As a resulf
better control is possible The anaesthetiadrug is titrated accordingto the individual
patient allowing for interpatientvariability of pharmacokineticand pharmacodynamics
andrespondingo changesf surgicalstimuli. Generalanaesthesiaould be saferfor the
patientasit helpsto reducethe incidenceof awarenessnd overdose and optimizesthe
recovery times If automatedthe systemwould help the anaesthetisby reducing his
workload and supplementingclinical signs (which the anaesthetishas accessto) with
informationfrom within the CNS,

AbsalomandKenny (2000) commentedn the usefulnes®f closedloop controlsystemsas
aresearchool in anaesthesjdor the studyof the effectsof druginteractionsanddifferent
anaesthetitechniquesThesesystemscanalsobe usedasa supplementaryrainingtool for
anaesthetist¢SchuttlerandSchwilden 1996).

A closedloop control systemin anaesthesighould be able to achieveand maintainan
adequatdevel of DOA. In the previoussectiona review wascarriedout of the anaesthetic
depthindicatorsusedin anaesthesidn this section a generalreview aboutthe controland
monitoringsystemausedby researcheris presented

Greenhowet al. (1992) describedan expertsystemcalledRESAC (real time expertsystem
for adviceand contro)) that providesdecisionsupportfor control of anaesthetidepthby
merging a number of qualitative clinical signs and quantitative on-line measurements
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RESAC usesfuzzy logic and Bayesianinferenceto cope with conflicting and uncertain
evidenceof the clinical signs The systemis an advisor to the anaesthetists to the
anaestheticstate Linkens and Rehman(1992) demonstratedhe ability of an artificial

neuralnetwork(ANN) to replicatethe advicefrom RESAC Theyusedtargetvaluesof HR,

SAP and respirationrate (desiredby the anaesthetisfor individual patientsundergoing
surgery asinputsfor thetrainingof the program

Webbet al. (1996) describesa preliminary study of automaticcontrol of anaesthetidrug
duringsurgery in anattemptto improvethe quality of control to minimisedrugusageand
to minimise the recovery time from surgery The techniquecombinesa fuzzy logic
controlleranda neuratbasedorocessingf the AEP.

An automaticmodelbasedcontrol of volatile anaestheticexploiting the MF was usedby
Asterothet al. (1997) to adjustthe vaporizersettings However anexplicit invertiblemodel
is required to capture the dependenceof control parametersand effects Due to
mathematicatestrictionsthis approactcannotbe generalisedo morethanonenarcotic

Mortier et al. (1998) used BIS to control propofol administrationby a patient
individualized adaptive modetbasedcontroller incorporating target controlled infusion
(TCI) technology combined with a pharmacokinetipharmacodynamicmodel The
closedloop systemwasableto sedatepatientsundergoingsurgeryunderspinalanaesthesia
This reducedthe clinical workload and the amountof drug infused Morley et al. (2000)
alsousedBIS asthe targetof a proportionalintegratderivative (PID) controlleralgorithm
for drugadministration so asto free the anaesthetisirom the taskof adjustinganaesthetic
depth manually No clinical utility beyond this was demonstrated Furthermore the
closedloop systemworkedwell in clinical practicebut it did not perform betterthanthe
anaesthetishanualcontrol

Neuralnetworksconstitutepopularapproachesor estimatingDOA from MLAEP features
NayakandRoy (1998) usedthis approactto controlinhalationalanaestheticoncentration
(isoflurang deliveredto a patient basedon a fuzzy logic controller The systemhad a
clinically acceptablgerformancen dogs

Huanget al. (1999) useda systemthatdetermineDOA by assessinghe characteristicof
the MLAEP which were extractedby WT. A four layer ANN was usedto classify the
MLAEP featurescoupledwith the effect concentrationof propofol into respondersand
nonrespondersThe DOA as determinedby the ANN is regulatedby a fuzzy logic based
controllerfor the scheduledlecrementationr incrementatiorof propofol This systemwas
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implementedusingexperimentsvith dogs

KennyandMantzaridis(1999) usedthe AEP index asthe input of a controlalgorithm that
setsthebloodlevel of propofolto beachievedoy a TCI pump Thealgorithmcalculateghe
requiredtargetconcentratiorof propofol from the differencebetweenthe measuredAEP
index and a set AEP index target values selectedby the anaesthetistThere was no
incidenceof intraoperativeawarenesand movementnterferingwith surgerywasminimal
in the 100 patientsstudied Note thatthe anaesthetisteedso be familiar with valuesof the
AEP indexsoasto beableto selectanadequatearget

The AEP indexis alsousedby Kenny (2000) in a closedloop control systemto administer
propofol in 100 patientsbreathing spontaneouslyand also in patientswho receiveda
paralysingdrug during surgery The quality of anaesthesiwasjudgedto be satisfactoryas
assessethy scoresof automaticactivity, cardiovasculastability and minimal movement
duringsurgery No occurrenceof awarenessasreported

A simple backpropagationneural network can learn the AEP and provide a satisfactory
input to a fuzzy logic infusion controllerfor the administrationof anaesthetidrugs This

approachs usedby Allen andSmith (2001). Neuralnetworkswerealsousedby Vefghi and

Linkens (1999) to classify SAP, HR, respirationrate age weight and sex into three
anaesthetistates(aware relaxedanddeep. The network accuratelymappedthe different
variablesinto the correspondin@naesthetistatesanddosagédor differentpatients

Decisionsupportinformationin anaesthesiss becomingmore and more popular Lowe et
al. (2001) developedan intelligent monitor with intuitive graphical presentationof
decisionsupportinformation for the anaesthetistJoneset al. (2001) usedfuzzy trend
templatesto developa sentinelanaesthesianonitor to lighten the cognitive load of the
anaesthetistThereis a motivation for developingan automated(and thereforevigilant)
systemthatwould be ableto detectthe presenc®r onsetof anundesirablestateof healthin
the anaesthetisepatient andpresenta possiblediagnosigo the attendinganaesthetisiThe
fuzzy trendtemplateswere a good representationf the anaesthetistliagnosisknowledge
(Lowe et al., 19993, b) . Previously Beckeret al. (1997) designedan intelligent patient
monitoringandalarmsystemfor the operatingtheatre This systemevaluatedhe patients
haemodynamigtateusing a knowledgebasedapproachon the basisof a vital parameter
databaseThis knowledgebaseis formedby evaluationrulesexpressedby the anaesthetist
in natural language The researchprototype of the whole systemwas implementedand
evaluatedn the operatingtheatre The evaluationof 684 eventsyielded a sensitivity and

26



Chapter 2: Depth of Anaesthesia

predictabilityof thealarmrecognitionon morethan99%.

Zhang and Roy (1999, 2001) used an adaptive networkbasedfuzzy inference system
(ANFIS) to integrate EEG extractedfeaturesfor decision making in anaesthesiaBy
eliciting fuzzy IF-THEN rules the model providesa way to addresghe DOA estimation
problem This monitoring system was implementedin experimentswith dogs under
propofolanaesthesia

A multitaskedclosedloop control consistingof two additionalcontrollersis presentedy
Gentilini et al. (2001a). They tried to control MAP and control hypnosisthroughBIS, for
isofluraneanaesthesiarhis is an advisorcontrol systemusedwith the anaesthetistlose
supervision Another decisionsupportsystemwas designedby Graaf et al. (1997) and
offersdataprocessingdo alerttheanaesthetist

Linkens and colleagues(Abbod et al., 1998; Backory et al., 1998; Elkfafi et al., 1997;
Linkensand Abbod 1998; Linkensand Mahfouf, 2001; Linkenset al., 1996b; Linkenset
al., 1998) havebeenengagedn researchinto modelling and control in biomedicinefor
many years A hierarchicalfuzzy monitor for DOA was developedoy Shieh(1994). This
hierarchicalstructurehastwo levels thefirst level usednumericalclinical signs(SAP and
HR) to interpret a primary DOA basedon a rule-base derived by the anaesthetist
experienceThe secondlevel usednon-numericaldatg suchas sweating lacrimationand
pupil responsavhich wasmergedwith the primary DOA from thefirst level to decidewith
moreconfidencelLinkenset al. (1996b) useda self-organizingfuzzy modellingapproacho
generatehe rulesfrom the hierarchicalstructureon-line usinginputandoutputdata After
this approachusingonly clinical signsthe groupstartedto researclsignalsfrom within the
CNS A quantitativefeatureextractionwas implementedo extractthe factorsdescribing
the changesn amplitudesandlatenciesof the MLAEP. As aresult threeprincipal factors
were obtainedand then mergedtogetherusing qualitativefuzzy logic to createa reliable
indexfor monitoringdepthof anaesthesiéElkfafi, 1995; Elkfafi et al., 1997; Elkfafi et al.,
1998). Furthermorea multi-sensoifusion systemfor monitoringandcontrol of DOA was
designed(Abbod and Linkens 1998a; Linkens and Abbod 1998; Linkens et al., 1998).
This systemusedneurafuzzy andmultiresolutionwaveletanalysisfor monitoringthe DOA
basedon the MLAEP signal Another measureof DOA was basedon the cardiovascular
systemstatususing a rule-basedfuzzy logic classifier The two measuresvere merged
togetherusingrule-basedfuzzy logic datafusionto decidethe final DOA. Backory (1999)
usedanartificial neuralnetworkto classifythe MLAEP extractedeaturesnto DOA levels
DOA was usedas the input to a predictive controller that set the desiredtarget blood
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propofolconcentration

2.4.1 Target Controlled Infusion

Target controlled infusion (TCI) is an infusion systemwhich allows the anaesthetisto
selectthe targetblood concentratiorrequiredfor a particulareffect andthencontrol DOA
by adjustingtherequestedargetconcentration

TCI systemsare very much in use by anaesthetisisspecially since infusion pumps
incorporaté Diprifusor (TCI systemfor propofol). Thesepumpscanbe usedto induceand
maintainanaesthesiwaith propofol If usingsucha system the anaesthetissimply needso
settheinitial targetblood concentratiomequiredfor anintravenousdrugin a similar way to
settingthe percentageoncentratiorof an inhalationalagentwith a vaporiser The target
concentrationis achievedand maintainedwith no further interventionrequired by the
anaesthetisHowever the anaesthetistanmakechangedo the targetconcentratiorat any
time.

The rational administrationof TCI requiresan appropriatepharmacokineticdata set
Softwareis requiredto achieveand maintaina targetblood concentratiorof an anaesthetic
by balancingthe rate of infusion with the processof distributionand elimination (Jacobs
1990). Therefore information about the pharmacokineticproperties of the drug in
appropriatepatientsis required Thechoiceof pharmacokinetienodelandinfusioncontrol
algorithmaremajordeterminant®f the performancef a TCI system

In the classicalapproachTCI devicesconsistof aninfusion pumpattachedo a computer

The computeris programmedwith a pharmacokinetianodel as well as pharmacokinetic
data The computertranslatesgpredictionsfrom the modelinto instructionsto control the

infusion pump The required infusion rate to maintain the desired target plasma
concentrationis deliveredby the infusion pump Many researchgroupsdevelopedtheir

own system(e.g. Alvis et al., 1985a, b; Chaudhriet al., 1992; Glasset al., 1990; Shaferet

al., 1990; White andKenny, 1989). Since1996 TCI deviceshavebeenimplementedn the

infusion pumpsby a numberof manufacturerssuchasthe Diprifusor by Zeneca

Glasset al. (1989) reportedthe accuracywith which propofol was deliveredusing two
differentsetsof pharmacokinetiparametersThey concludedhatby usingthe newersetof
parametershe accuracyof the predicted(by the TCIl) andmeasuregropofol levelswould
be better White and Kenny (1989) also comparedthe predictedand measuredblood
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concentration®f propofolin 408 patients They confirmedthe overall validity of their TCI
system

Russellet al. (1995) compareda manualinfusionwith TCI of propofolin 160 patients The
TCI resultedin a more rapid induction of anaesthesiand allowed earlier insertionof a
laryngealmaskairway. In addition therewaslessresponseo surgicalstimulus TCI does
not changethe propertiesof drugsandthe theoreticaladvantageover manuallycontrolled
infusionsis increasedcontrollability by the anaesthetisfvan den Nieuwenhuyzeret al.,

2000).

TCI has also beeninvestigatedfor usein analgesiaby Milne and Kenny (1998). The
syntheticopioids suchasalfentanil remifentaniland sufentanil all haveshorterdurations
of actionandaremoresuitablefor usein TCI systemghanopioidssuchasmorphine with

a slow blood-brain equilibration They reporteda high degreeof patientsatisfactiorwhen
using patientcontrolledanalgesig(i.e. the patientcontrolledthe targetconcentratiorusing
apushbuttonhandse).

Adjuvant agentssuch as sedativeagentsgiven for premedication co-induction agents
nitrous oxide or one of the synthetic opioids affect the required target propofol

concentratiorduring inductionandmaintenancef anaesthesidal he effectsof theseagents
on the TCI systemfor propofol have beeninvestigatedby Vuyk (1998). He designedan
infusion schemeso as to provide a good clinical performanceof the TCI systemin the

presencef anoptimalmanuallycontrolledinfusionof anopioid.

The TCI systemsare capableof creatinga stableblood concentrationHowever whenthe
targetconcentrations changedhe resultingeffectcorrelatesdbetterwith a theoreticaleffect
site concentrationThe efficacy of the TCI systemshat canperform effectsite steeringis

still a procesaunderinvestigation(Jacobsand Williams, 1993; van denNieuwenhuyzeret

al., 2000).

2.5 Summary

Anaesthesias a complexbranchof the medicalscienceprofession Depth of anaesthesia
(DOA) (one of the three componentsof anaesthes)jaoffers a challengein the areasof
classificationand control In TIVA whendifferentdrugsare usedto obtain hypnosis(i.e.
DOA), musclerelaxationand analgesiaa reliable methodof assessindOA is of major
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importance

In this chaptera review of the advancesn anaesthesiawaspresentedstartingwith thefirst
time the word “ Anaesthesiawasused including the introductionof balancedanaesthesja
and finishing with the overall researchprojectsdedicatedto automatedcontrol systems
With all its advantagesa closedloop control systemin anaesthesianeedsa reliable
numericalindicator of DOA beforeit can be successfullyimplementedin the operating

theatre

Initially, movement was used as a monitor for DOA. However paralysis using
neuromuscularelaxantspromptedthe searchfor other indicators The next reasonable
candidateswere the qualitative clinical signs such as pupil diameter or respiratory
movementandthe measurabldlaemodynamiparametersuchas SAP or HR. Qualitative
clinical signsare highly subjectiveand easily obscuredby opioids musclerelaxantsand
techniquessuch as artificial ventilation Arterial pressureand HR are also affected by
adjuvantagentssuchas -blockers but thesesignsarestill usefulandvery mustin useby
anaesthetistAll theseclinical signsarevery usefulin detectinginadequate@anaesthesjan
the sensehatif the patientmovesor hashigh haemodynamicesponseshenDOA is not
satisfactory However DOA may not be adequatesvenif the clinical signsdo not present

anyevidenceof this.

Unconsciousnesshould be measuredfrom within the CNS where the effect of the
hypnoticdrug occurs The searchfor a signalfrom within the CNS startedwith the EEG.
The EEG showsgradedchangesvith increasingconcentrationsf anaesthetigsandit is not
affected by neuromuscularagents Nevertheless EEG changesvary with different
anaesthetiagents As aresult researcherturnedto the evokedpotentials(EP) asthe next
candidatedor investigation Among all the EP, the AEP havebeenpointedout asthe best

signalfor assessin@pOA.

A signal which is able to reflect the hypnotic componentof anaesthesias the main
objectiveof the AEP analysis The MLAEP havebeenthe focusof researchn anaesthesia
over recentyears MLAEP areknown to distinguishthe awareand unconscioustateand
the subsequenCNS depressionThis signal providesa measureof the overall balance
betweensurgery analgesiaand hypnosis The techniquesusedto extractdetailedfeatures
from the MLAEP were also discussedn this chapter The WT appearsto be the most
promisingfor processindime-varyingbiomedicalsignals

Closedloop control systemsin anaesthesiavere presentedDifferent control algorithms
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and classificationtechniquesare usedby researchersAll the abovesystemsare usedto
control the administrationof the anaesthetidrug (i.e. the hypnotig, while otheradjuvant
drugssuchasthe analgesiare administeredy the anaesthetisiMost of thesesystemsare
advisors exceptthe onestestedn animals

Artificial intelligenttechniquesuchas ANN andfuzzy logic are mostly used sincedirect
measurementsare unavailable mathematicalmodels are either unobtainableor too
complex andthereis alargeuncertaintyin the procesgparametersi.e. the patien).
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Chapter 3

Development of a New Fuzzy Relational Classifier
for Depth of Anaesthesia

3.1 Introduction

Fuzzylogic is no strangetto medicine Lotfi A. Zadeh(1965) himselfanticipatedvery early
that the fields of patternclassificationand information processingwould be application
domainsof histheory.

Fuzzysettheorymakest possibleto defineinexactmedicalentitiesasfuzzy sets It offersa

linguistic approach that representsan excellent approximation to medical texts

Furthermore fuzzy logic provides reasoningmethodscapableof making approximate
inferencessincemanyuncertaintiesare presentn medicalor biological dataaswell asin

thedecisionmakingprocesgAdlassing 1986; Akay etal., 1997).

The high complexity of biological systemsandthe nonexistencef accuratemathematical
models are some of the aspectsthat make fuzzy logic a well defined solution The

knowledgeof experiencedhysiciansand biomedicalengineerds an importantsourceof

information for the designof intelligent machinesin medicine In Zadehs own words
(1994a):

“Therole modelof fuzzylogic is the humanmind”

Fuzzylogic hasbeenwidely usedin diagnostiomonitoringin anaesthesiandotherareasof
medicine Several researchershave used fuzzy logic approachesfor alarm andor
monitoring systemsin anaesthesiéBeckeret al., 1997; Elkfafi et al., 1998; Guez and
Neva, 1996; Lowe etal., 1999a; Shieh 1994). The basicconceptf fuzzy logic theoryare
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presentedn AppendixB.

The classificationof DOA is the first step when moving towardsa closedloop control
system As discussedn the previouschaptey different signalsare usedas indicators of
anaestheticdepth However the main relevances givento MLAEP asan indicator of the
degreeof hypnosisof a patientunderanaesthesia

Severalmethodshavebeenusedto classifyMLAEP featuresnto levelsof DOA. Different
researchersise different techniqgues However ANN and fuzzy logic basedsystemsare
alreadyproving to be popular From a simple four layer ANN (Huanget al., 1999; Nayak
and Roy, 1995, 1998) to a more complex Kohonen Sel-Organizing Map (KSOM)

(Backory, 1999), andincluding the backpropagatioPANN (Allen and Smith, 2001), there
aremany examplesof neuralnetworksusedin the area Fuzzylogic hasalsobeenusedin

the classification of DOA; one of the fuzzy logic-based approachess the adaptive
networkbasedfuzzy inferencesystem(ANFIS) usedby ZhangandRoy (1999, 2001), and
by Linkens and colleagues(Abbod and Linkens 1998a, b; Linkens and Abbod 1998;

Linkensetal., 1998). Theseclassificationmethodsarebasedon soft computingtechniques
andalthoughANN havegivenfairly goodresults theyarestill black box methodsandit is

not trivial to understandall the details behindthe ANN final decision Furthermore to

adequatelyrain an ANN alargeamountof clinical datais required andthesemayin some
casede difficult to gather As a result someresearcton ANN hasbeencarriedout using
animals (Huang et al., 1999; Nayak and Roy, 1995, 1998). The fuzzy logic-based
classificationsystemsappearto be moretransparenasthe anaesthetiss knowledgecanbe
incorporatednto the decisionprocess

In this chaptera Fuzzy RelationalClassifier(FRC) for DOA is presentedThis FRC uses
featuresextractedrom the AEP by multiresolutionanalysisMRA) andwavelettransforms
(WT), andcardiovasculaparameterso enhancehe overall decisionmaking processThe
FRC usesa combinationof fuzzy clusteringand fuzzy relationsto establishan inference
system The classifieris trained by unsuperviseduzzy c-meansclustering then a fuzzy
relation betweenclustermembershigunctionsand the classidentifiersis computed The
fuzzy relation specifiesthe existing relationshipbetweenthe clustersand the classeqi.e.
thedifferentlevelsof DOA).

The FRC is describedin detail throughoutthe chapter First, an introduction to fuzzy
clusteringis presentedfollowed by the generalstructureof the classifier Severalaspects
haveto be consideredvhenimplementingthe FRC to classify DOA including the setof
featuresused the differentlevelsof DOA, andhow theseare obtainedandstructured The
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classifieris trainedandtestedwith different setsof clinical data The resultsare presented
andcomparedvith theresultsof otherclassifiers

3.2 Fuzzy Clustering

Clusteranalysisintendsto classify objectsaccordingto similarities amongthem andto
organizedatainto groups The objectiveis to differentiatebetweenclassesn a manner
which is simple and easyto visualize As a result solutionsare restrictedin an unknown
way. Theuseof fuzzy setsis anattemptto resolvethis problem

In a ‘hard clusteringalgorithm each object must be assignedto a single cluster This
restrictionis not a realisticong sincemanyobjectsmay havethe characteristicef several
classeslt is morenaturalto assignto eachobjecta setof membershipsonefor eachclass
Thisis thegeneraldeaof fuzzy clustering

The first fuzzy clustering algorithm was presentedoy Ruspini (1969), as a method of
representatioof datg basedon the ideaof fuzzy sets The objectivewasto avoid someof
the problemsof ‘hard clustering proceduresand to provide a better insight into the
structureof the original data In 1973, Dunn developedthe first fuzzy extensionof the
leastsquaredapproacho clustering andlaterin the yearthis wasgeneralizedy Bezdekto
an infinite family of algorithms (Bezdek and Pal 1991; Dunn, 1973). This approach
conceivedby Dunnis oneof the mostwidely usedalgorithmswithin fuzzy clustering the
fuzzy c-meansalgorithm This family of algorithmsis basedon aninteractiveoptimization
of a fuzzy objective function They are popular due to their efficacy, simplicity and
computationaéfficiency.

Differentapproacheso fuzzy clusteringhavebeendevelopedvertheyears Gustafsorand
Kessel(1979) arguedthat the use of fuzzy covariancesvas a naturalapproachto fuzzy

clustering In addition Karayiannis (1996) presenteda new approach based on

reformulation He developeda newfamily of possibilisticc-meansalgorithmsby selecting
the naturallogarithmasa generatoffunction In 1999, Hathawayet al. presenian extended
family of c-meanstype models and attemptsto empirically identify thosewhich are least
influencedby the presencef outliers (Hathawayet al., 1999). In otherstudy, Zahid et al.

(1999) designeda clusteringvalidity criterionanda fuzzy clusteringalgorithmbasedonthe

combinationof thefuzzy c-meanslgorithmandthek-nearesheighbourglecisionrule.
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Fuzzy clusteringhas beenusedfor identification modelling and monitoring in different
areas Tool condition monitoringin machiningis one of the areaswherefuzzy clustering
hasbeensuccessfullyimplementedFu et al., 1998; Li and Elbestawj 1996). Umayahara
and Nakamori(1998) developedan elliptic type fuzzy modelling and simulation method
usingfuzzy clustering The clusteringalgorithmis usedto detectlocal linear varietiesand
implementedfor prediction of water quality. Furthermore Pal et al. (2000) usedfuzzy
clusteringfor extractionof rulesfrom input-outputdatg this wasimplementedandtestedn
mathematicalexamplesand in the inverted pendulumproblem Another application of
fuzzy clusteringis the medical diagnosisarea since biological systemsare extremely
complexand the boundariesbetweendistinct medical diagnosisare not shapelydefined
(Steimann1997).

The mathematicastructureof fuzzy clusteringis presenteaextwith a detaileddescription
of thefuzzy c-meansalgorithm

Eachdataobservationconsistsof n measurablevariables groupedinto an n-dimensional
column vector z = [zk,...,znk]", z € R". A set of N observationsis denoted by
Z={zlk=1,2,...,N}, andis representedsann x N matrix:

Z11 Z12 -+ ZIN
Z21 2 - 2N

Z= 31
Znl Zn2 -t ZnN

The columnsof this matrix are calledpatterngor objects, therows arecalledthe features
(or attribute$ and Z is called the data matrix. The meaningof the columnsand rows
depend®nthecontextandwill bedefinedwhenthe methodis applied(i.e. Section3.4).

A clustercanberegardedasa groupof objectsthatare moresimilar to oneanotherthanto
memberof otherclusters Theobjectiveis to partitionthe datasetZ into c clusterg(for the
time beinglet's assumehat c is known). Fuzzy clusteringallows the objectsto belongto
severalclusterssimultaneously with different degreesof membership(Bezdekand Pal
1991; Babuska1998).

The next stepis to define the fuzzy partition in terms of membershipfunctions Let us
denotethe membershipfunction of z¢ in the i clusterby ui(z) = pik . A ¢x N matrix
U = [ui] representa fuzzy partitionif andonly if its elementssatisfythe conditions
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pke[01] 1<i<cl<ks<N 32
SComk=1 1<k<N 33
O<th';1uik<N 1<i<c 34

Thereforethe fuzzy partitioningspaceof Z is the set
Mic = {U € RNuy € [0,1], Vi, k> pik = LVkO < X0 p < N,Vi} 35

Thei™ row of the fuzzy partition U containsvaluesof the i™" membershigunction of the
fuzzy subset of Z. Equation3-3 constrainghe sumof eachcolumnto 1, andthusthetotal
membershipf eachz in Z equalsone

Many of the fuzzy clusteringalgorithmsare basedon minimisationof the basicc-means
objectivefunction(Dunn 1973), presentedn Equation3-6.

IZ UV = 0, 2 ()= vi 12 3-6
where
U =[] € Mrc 3-7
is afuzzy partitionmatrix of Z,
V = [V1,V2,...,Vc] Vi € R" 3-8
is avectorof centresf clusters
D& = llzx —Vill? = (zx — Vi) "A(zx — Vi) 3-9
is asquarednnerproductdistancenorm (A = | is the Euclidearmorm), and
m e [1,%) 3-10

is aweightingexponentwhich determineshe fuzzinessof the resultingclusters Thevalue
of Equation3-6 canbe seenasa measuref thetotal varianceof z from v;.

The fuzzy c-meansalgorithm is one of the most used fuzzy clustering algorithms the
detailsof this algorithmarepresentedn the nextsection
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3.2.1 Fuzzy c-means Algorithm

The minimization of the c-means functional (Equation 3-6) representsa nonlinear
optimizationproblemthat can be solvedusinga Picarditeration for instance throughthe
first-orderconditionsfor stationarypoints This canbe found by adjoiningthe constraintin

Equation3-7 to J usingthe Lagrangemultipliers

TZUV) = 20, 2 i)™ + X [ 0, mik - 1] 311

andby settingthe gradientsof J with respectto U, V and 4 to zera If D% > 0, Vi, k and
m > 1, then(U,V) € My, x R™ mayminimize J only if:

py = ————,1<i<c 1<k<N 312

_2
> (v
and

_ Z:ll(llik)mzk 1

= J1<i<c 3-13
Zk=l<llik)m

Equation3-13 givesv; asthe weightedmeanof the dataitems that belongto a cluster
where the weights are the membershipdegrees This is why the algorithm is called
c-meansThegeneraklgorithmis presenteshext

e First, given the data set Z, choosethe numberof clusters1 < ¢ < N, the weighting
exponenmm > 1, theterminationtolerances > 0 andthenorminducingmatrix A.

« Secongdlinitialize the partititon matrix U@ e My, then
e Repeat for| = 1,2,...

Stepl: Computethe clusterprototypegmeans.

S ()"

v = et 2 << 3-14

ST

Step2: Computethedistances

Din = (z-v") 'A(z-v") ,1<i<c 1<k<N 3-15
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Step3: Updatethe partitionmatrix:
if Dikan > Oforl<i<c,1<k<N,

= ——— 316

Xra(em)™
otherwise
pi = 0if Dia > 0, andp € [0,1]with 37 pld =1

until JUO —U®D || < ¢

3.3 Structure of the Fuzzy Relational Classifier

The objectiveis to identify structuresin datasimilar to known structures A fuzzy logic
relationis usedto establistthe correspondencieetweenstructuresn thefeaturesspaceand
theclassidentifiers

3.3.1 Training the Classifier

The training of the fuzzy relation classifier requirestwo steps First, unsuperviseduzzy
c-meangclusteringis performedn thefeaturespacethen from the obtainedfuzzy partition
andthe labelsof the training dataset a fuzzy relationis computed Figure 3-1 showsa
diagramexplainingthetrainingprocedure
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Figure3-1: Trainingof the FuzzyRelationalClassifier

3.3.1.1 Exploratory Data Analysis

The featuresspaceis partitionedto representthe natural structuresin the data These
structuresare discoveredby unsupervisedcluster analysis using the fuzzy c-means
algorithmdescribedn Section3.2.1.

Thedatashouldbe consideredn the matrix form 3-1. ThetrainingdatasetZ is partitioned
into ¢ fuzzy subsets(clustery. The membershipof the data samplesin the clustersis
describedy the fuzzy partition matrix U andeachclusteris characterizedby its centrev;,
Equations3-7 and3-14 respectively

Prior to clustering severalparameterfiaveto be definedin the algorithm i.e. ¢ (numberof
clusters, m (fuzzy exponent ande (terminationtolerancé. The choiceof ¢ canbe verified
by assessinghe validity of the obtainedpartition The Xie-Beniindex (Xie andBeni, 1991)
is acommonlyusedvalidity criterion, of the form:

c N
Doig Qg MRz )2

3-17
N(qgjn{nvi—vj I }2)

x(U,V,2) =

Thedefinition of (U, V;Z) is independenbf the algorithmusedto obtain u;;. Thereforeit
is not internalto the clusteringalgorithm The bestpartition is the one that minimisesthe
value of y(U,V;2), since a smaller y(U,V;Z) meansa more compactand separate
c-partition The clusteralgorithmis run for different valuesof ¢ and m, andthen several
times for each of thesesettingswith a different initialization matrix. The number of
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clusters which minimizesthe measureis finally set

3.3.1.2 Fuzzy Relation

A fuzzy relationencodeghe logical relationbetweerthe clustermembershimndthe class
membershipThisrelationis computedrom the informationin the fuzzy partition matrix U
andin the targetvectorscontainingthe membershipof the patternin the classesThe k™"
targetvectoris denotedoy:

Wi = [Wak, Wak, ..., W] 3-18

wherewj € [0,1] andL € N is the numberof classesFor the training data wherethe
classificationis exactly known, wi € {0,1}. The targetvectorwy is thena vector of all
zerosexceptfor a oneatthe placeof theknownclassindex

For eachof the training samplesz, the vector of cluster membershipdegreesuix is
containedn thek™ columnof U.

Bk = [l H2ks - -y fek] 3-19

The binary fuzzy relation R, is a mapping R : [0,1]¢x [0,1]" - [0,1]. It can be
representedsac x L matrix

frig rip - o
o1 o2 ==+ T2

R=| 2 ® F 3-20
fe1 Tl -+ TcL

TherelationR is obtainedby aggregatinghe partial relationsRx, computedor thetraining
samplegPedrycz 1994).

(I‘ij)k=min(1,1—uik+ij) j=1,2,...,L i=1,2,...,C 3-21

Theaggregatiorof therelationsRk is computedoy meansof a fuzzy conjunctionoperator

N
R=N R« 3-22
k=1

implementeclementwise by the minimumfunction
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rj = min [(ri,-)k] 3-23
2,...N

Therelationmatrix R is the basisof the FRC, sinceit is usedto classifyunseematterns

3.3.2 Classification of New Patterns

The main objectiveof any classifieris to determinethe classof a new pattern First, the
clustermembershigunction i is calculatedrom the distancego the clustercentresvy, as
in the fuzzy c-meansalgorithm Second the class membershipfunction vector w is
computedoy fuzzy relationcompositionusingthe Lukasiewiczimplication
wj =max [max(ui +rij —a,0)] j=12,...,L 3-24
I<i<c

wherea is consideredo beonein theinitial algorithmusedby SetnesandBabuska(1999).
Finally, defuzzificationis appliedto obtaina crisp decision usingthe maximummethod
i.e:

y =arg maxw; 3-25
1g<L

wherey is theclassindex Figure3-2 illustratesthis classificationprocedure

X
N
¢ W
w (class membership
il Al vedot) | Defimifivation | o Y

P b Membership W Helational e -
i Futietion Composition .(class
i i i ifidex)
t
8
t
. v R

(clustet m eatis) (relational matrix)

Figure3-2: Classificationof a newpatternby the FRC.

Note that the FRC can classify a new patternwell, wrongly, or not classify it at all.
Unclassifiedcaseshapperwhenmultiple j’s satisfy Equation3-25, meaningthat a pattern
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hasthe samemembershipsaluein morethanone class This could be dueto noisein the
features misclassification®f training sampleor inappropriatdeatureselection Therefore
it is necessaryo select the bestfeaturesso that no unclassifiedcasesoccur. Applying a
fuzzy relationfor classificationwill in generaldecreaseéhe numberof misclassifications
Furthermorethe FRCis not sensitiveto the orderin which trainingexamplesare presented
andtherisk of overtrainingis eliminated

3.4 Classification of Depth of Anaesthesia

The FRCis usedto classifya setof featurednto differentDOA levels The computeduzzy
relationspecifiesthe existingrelationshipbetweerthe clustersandthe classedi.e. levelsof
DOA).

The classifierwill usetwo setsof featureson the classificationprocess The first setis
constitutedfrom the AEP signal andthe secondsetis constitutedirom the cardiovascular
parameters Thesefeaturesaredescribedn detailin thefollowing sections

3.4.1 Auditory Evoked Potentials Parameters

The AEP were recordedin the operatingtheatreusing surfaceelectrodes The recording
systemusedin this researclwasthe onedevelopedy theIntelligent SystemsGroup in the
Departmentof Automatic Control and SystemEngineering the University of Sheffield

This systemwas usedin previousresearcheg¢Abbod and Linkens 1998a; Abbod et al.,

1998; Backoryet al., 1998; Linkenset al., 19973, b), it comprisesan IBM-compatiblePC
(Intel P1 150 MHz) fitted with a Digital SignalProcessindDSP) board A pre-amplifier is

usedto amplify theresponsebeforetheyaretransmittedo the DSPboardwherethe signal
is analogusfiltered anddigitised

The auditory stimulusin the patients headphoness producedat a rate of 6.122Hz. The
EEGis sampledat a frequencyof 1kHz after passinghroughan analogueébandpassfilter

(0.5-400 Hz), for a sweepperiod of 120 ms after eachclick (i.e. 121 datapointy. The
computerproducesan averageof 188 datasweepsplus calculationtime, each30 seconds
This time wasjudgedto be shortenoughto assumehat surgicalandanaesthetiinfluences
arestatic
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The systemusedto collect the AEP displays only the averagedAEP and its double
differential value The first stepin the classificationprocesss to considerthe problemof

what discriminatoryfeaturesto selectand how to obtain thesefeatures as discussedn

Chapter2. In this researchthe multiresolutionanalysis(MRA) using wavelettransforms
(WT) is usedto analysethe AEP during anaesthesjaso as to reflect the changesin

amplitudeandlatencyassociateavith DOA.

The WT is differentfrom the Fouriertransform becausét canzoomon arbitrarydetailsof
signals The Fourieranalysisis a mathematicatechniquefor transformingour view of the
signal from a time-basedto a frequencybasedone In moving to the frequencydomain
time informationis lost. Whenlooking at a Fouriertransformof a signal it is impossibleto
tell whena particulareventtook place The waveletanalysiss a windowingtechniquewith
variablesizedregions It allowsthe useof long time intervalswherewe wantmoreprecise
low frequencyinformation and shorterregionswherewe want high frequencyresolution
(HessNielsenandWickerhauser1996). Therefore waveletanalysisis capableof revealing
aspectsof data that other signal analysis techniquesmiss aspectslike trends and
breakdown points Also it compressesor denoises a signal without appreciable
degradation All these positive points make wavelet analysisa good tool to analyse
biomedicalsignals The MRA techniqueandthe WT aredescribedurtherin AppendixC.

The signal made of 121 samples (correspondingto the first 120 ms of the EP
poststimulug, is extendedto 128 samplesby paddingthe signal with extra zerosat the
end so that six levels of decompositionmay be achievedusing the multiresolution
decompositionalgorithm The MRA decomposeshe AEP into different resolutions
allowing a detailedanalysisof the behaviourof the signalin its different spectralbands
(Rioul, 1993). The decomposedomponentsvere analysedfor their energycontentand
usedasan indicator of the DOA. The DaubechiedVaveletwith 12 filter coefficientswas
usedfor decomposinghe AEP signal(Mallat, 1999). DaubechiedVaveletshavealsobeen
usedby Abbod et al. (1998) and Backory (1999). This filter was found to producegood
resultsandis of low orderfor the 121 discretesamplego be analysed

Table 3-1 describesthe different signal componentsobtainedas a result of the MRA
decompositionThereare6 detail signalsanda residualcomponent
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Table3-1: Tabledescribingthe differentsignalcomponent®btainedby MRA decomposition

Signal Component Samplesin sequence

S1 64
2 32
S3 16
A 8
S5 4
S6 2
residual 2

ComponentSl hasthe shortestanalysistime of 2 ms, while the lowest frequencydetail
components6 hasananalysistime of 64 ms. However the detailsin Table3-1 containthe
samplesmaking up the brainstemand the late latency waves which do not contain
informationrelatedto DOA. Therefore componentsn eachdetail regardingthesewaves
wereremovedafterthe MRA. The component which representshe low frequencyrange
(8-16), and the residual contain a large amount of backgroundEEG signal and are
therefore notused

Theaverageenergycontainedn eachdetailsignalis calculatedasfollows:
Dy = i LIS 3-26
where

Dy is theenergycontainedn detailcomponenk;
Nk is thenumberof samplesn detailcomponenk;
S« is thedetailsequencd;

i isthesamplenumber

Table 3-2 showsthe featuresthat havebeenanalysedor correlationwith DOA aswell as
the samplesmaking up the componentgBackory, 1999). D; is the energycontainedin
sample9 to 56 in S;, andis similar for S, S3, S+ andSs. D3 is the energycontainedin
samples3 to 6 in S, andis similar for the otherfeatures
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Table3-2: Tabledescribingthe samplesn eachcomponentised
to createthefeaturesusedin thevalidationprocess

Energy Component Samples used

D1 9-56
D2 5-28
Da1 3-6
Dz 7-10
D33 11-13
D41 2-3
D4y 4-5
Da3 6-7
Ds1 2
Dso 3

Different setsof featuresare usedin different researchworks with different classification
methods for exampleAbbod et al. (1998) and Linkens et al. (1997b) used6 of these
featuregD1, D2, D31, D32, D33, andD4) while Backory(1999) useda differentset(D1, D>,

D3, D4, Ds; and Ds;). Thesefeatureshave given good resultsusing an ANFIS classifier
anda KSOM.

In this project10 featuresareusedin the classificationprocessusingthe FRC. D43, D4, and
D43 areaveragedo produceD4, andsimilar for Dz andDs. Severalcombinationsof AEP
featuresweretested However the setof featuresD1, D2, D3, Dai, D3y, Das, D4, Ds, Ds;
andDs, gavethe bestresultsconsideringhe dataavailable

3.4.2 Haemodynamic Parameters

Anaesthetistshave always used the cardiovascularsystem as an indicator of DOA,
therefore it is reasonablego use these measurement$o enhancethe overall decision

makingprocess

The cardiovasculasignalssuchasthe heartrate (HR), the arterial pressurg(i.e. systolic
(SAP), diastolic(DAP) and mean(MAP)) andthe pulserate are measuredntline usinga
DatexEngstromAS/3 (anaesthesianonitor) connectedo the computerthroughan RS232
port, atevery30 secondnterval

SAP or MAP havebeenusedfor monitoringandcontrolin anaesthesiaRobbet al. (1993)

reportedthat a simple control systemdesignedo maintainSAP at a predetermined/alue

45



Chapter3: Developmentf a NewFuzzyRelationalClassifierfor Depthof Anaesthesia

producesa clinically acceptablestate of anaesthesigpattern of clinical signg. This
supportsthe idea that SAP is a major componentof the clinical assessmenbf the
anaestheticstate Other researchersise MAP as the indicator of cardiovasculastability
when using inhalational agents(Gentilini et al., 2001b) or intravenousagentssuch as
propofol (Linkenset al., 1993; Raoet al., 2000). The mostprominenteffect of propofolin
the haemodynamicresponsesis a drop in arterial pressure During maintenanceof
anaesthesiaSAP remains20% to 30% below baselinevaluesand similar changescanbe
seenin the meanpressureThis decreasén arterialpressurags associateavith a decreasén
cardiacoutput(SasadandSmith, 2000).

The featuresusedare the changeof the individual patientbaselineof HR, SAP and MAP,
denotedby AHR, ASAP and AMAP. The useof the A valuesallows generalizationsince
the patientbaselinesreavailablebeforethe operationandareconsideredisaninputto the
system The variability between patients is high when considering haemodynamic
parametersFor example the normalrangesfor SAP oscillatebetween100 mmHgto 150
mmHg As a result the use of A values facilitates classification and reflects the
cardiovasculadepressioindependentlyf the patientbaselinevalues

3.4.3 Levels of Depth of Anaesthesia

Accordingto theanaesthetisbpinionthe DOA wasclassifiedinto five levels

1- Awake

2- OK/Light;

3- OK;

4- OK/Deep

5- Deep

Awake is when the patient responseto surgical stimulus is not acceptableanymore
OK/Light is whenthereis a slight patientresponsegi.e. clinical signsdemonstratinghatthe
patient is getting lighter. OK is when no patient responseis observedunder surgical
stimulus i.e. the patientis in the adequatdevel of DOA. OK/Deepis whenthereis no
patientresponsgbut the patientis slightly deeperthan necessanand still stable Deep
level is whenthe patientis clearly in a deeplevel of DOA, this is not safefor all patients
andshouldbeanindicatorthatsomethings wrong

The OK andthe OK/Deeplevelsarethe mostdifficult to distinguishfrom oneanotherand
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arealsothe onesthat occurmorefrequentlyduring anaesthesiaA certainoverlapbetween
thesetwo levels is expectedthrough While the arousalof clinical signsindicatesthat
anaesthesi# getting lighter, the deeperdepressiorof thesesignsmay alreadyindicatea
Deeplevel of DOA. The OK/Deeplevel, which is oftenacceptedy the anaesthetishsthe
interchangéetweenOK andOK/Deep is very frequentandalsodependon the amountof
surgicalstimulationat the time. This is a very complexissue sinceit is very difficult to
measuranalgesiandevenif theoreticallyanalgesiaandDOA aretwo differententities In
practice when confrontedwith a high surgicalstimulusthe anaesthetistendsto increase
the concentratiorof bothdrugs(i.e. anaesthetiandanalgesiy, sincethe effectsof surgical
stimulation on the haemodynamiaesponsesare the same as lighter anaesthesidi.e.
increasesn HR andSAP). Theinformationaboutthe CNS depressioris very usefulin this
situations as it reflects the level of hypnosis Therefore the anaesthetistvould easily
distinguishif the arousalin the cardiovasculaparameterss or is not causedby surgical
stimulation andif sg only theanalgesiavould betitratedaccordingly

In this researchthe datawere labelledby the anaesthetisbasedon the observedclinical
signsduring anaesthesiarhis information was obtainedat regularintervalsand when a
changein DOA level occurred asto reflect the trendin anaesthetidepthof the patient
However the anaesthetisisesonly his experienceandthe patientclinical signsto establish
thetrendin anaesthetidepth The informationregardingAEP (i.e. depressionn the CNS)
duringanaesthesis not availableto the anaesthetist

3.5 Implementation and Results

Thedatausedto train andtestthe FRC wereobtainedirom two patientsundergoinggeneral
surgeryat the Royal HallamshireHospitalin Sheffield Anaesthesiavas maintainedusing
propofol asthe anaestheticrug and remifentanilasthe analgesiadrug The drug profiles
andthe particulardetailsof this surgicalinterventionsare presentedn Chapter4. Figure
3-3 showsone of the AEP featuresfrom the dataof patientPat2 usedto train andtestthe
FRC, othergraphsof the waveletextractedAEP featuresarepresentedn Chapters.
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Figure3-3: WaveletextractedAEP featureD 1 from the dataof patientPat2.

The implementedFRC algorithm involves two distinct classifierstrained separately The

first FRC wastrainedusing a setof waveletextractedfeaturesfrom the AEP asthe input
pattern In addition the secondFRC usesthe cardiovasculaparameters\HR and ASAP.
Figure3-4 presentshe overallclassificationdiagram

MNew sample

i

FRC
{ AEF featured)

DOA

FRC
(AHE plus
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DOoA

Figure3-4: Generaklassificationalgorithm

Consideringhatthe FRC may not reacha decisionif multiple j’s satisfy Equation3-22 or

thevectorin Equation3-21 is all zeros alternativego the waveletAEP featureshaveto be

considered Therefore the FRC is applied separatelyto the cardiovasculameasurements
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andtrainedto obtaina decisionbasedonly on thesemeasurementsin conclusion the two
FRCs (the first using the AEP featuresand the secondusing AHR and ASAP) work
separately The main decisionbelongsto the AEP featuresclassifief if a decisionis not
reachedhenthe cardiovasculaparameterareusedto determineDOA.

In theoriginal algorithm SetnesandBabusk&a1999) useavalueof a = 1 in Equation3-21.
The value of a makesthe decisionrestricted i.e. it forcesthe membershipy and the
relationalvalue to be both high. For example is p = 0.75 and the associatedelational
valueis 0.2 the classifierwill not reacha decision this was found to work well for well
identified clusterfclassgroups In the caseof the AEP featuresvherethe featurespaces of
high dimensionand the cluster classificationis not distinct or obvious using a value of
a = 1 restrictsthe classificationto the prototypes(training se) and henceimpedesthe
generalizatiorprocessThe objectiveis to obtaina generalclassifierthat performswell for
different patientsconsideringthat different patientshave different characteristicsFor the
AEP thereis no known baselinefor the patient thereforeit is admissiblethat different
patientsrespondn slightly differentwayswith respecto brainsignals The AEP FRCwas
testedfor differentvaluesof a. The performancevith the valueof 0.75 provedto be better
by improving the classificationpercentagend reducingthe numberof unclassifiedcases
i.e. it helpsto capturethe variationbetweerpatients Note thatthe valueof a cannotbetoo
small e.g. a value of 0.5 makesthe incorrectclassified casesincreasedrastically This
changein the algorithmwas appliedonly to the AEP classifier Whenthe cardiovascular
parametersire used(AHR and ASAP), a is keptequalto 1 sincethe patientvariability is
expressedh thebaselineandnotin the parameters

The training datafor the FRC consistedof 2/3 of the availablesamplesandthe remaining
1/3 wasusedasthetestingset The numberof samplesisedarepresentedn Table3-3.

The samplesof patientPatl usedin the training datasetcorrespondo the first part of the
surgicalprocedurevhile from patientPat2 the lastdatasamplesvereused This s to allow
informationof differentscenariosn a surgicalprocedurge.g. inductionandrecovery.

Table3-3 Fuzzyrelationalclassifiertrainingandtestingdatasets

Training data Testing data

Patient Pat1 134 67
Patient Pat2 142 71
Total 276 138
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3.5.1 AEP Features Selection

The setof AEP featuresneededor classificationdependsiot only on the correlationwith
the DOA level, but alsoon the type of classifierusedandon the amountof dataavailable
First, the correlationbetweereachAEP featureandthe DOA level wascomputedandfrom
theredifferentcombinationof featuresveretestedbasedn the performancef the FRC

A correlationcoefficientis anumberbetween1 and1 which measureshe degreeto which
two variablesarelinearly related If thereis a perfectlinear relationshipbetweenthe two
variableswith a positiveslope we havea correlationcoefficientof 1; if thereis a positive
correlation wheneveronevariablehasa high (low) value the otherhasa high (low) value
If thereis a perfectlinear relationshipwith a negativeslopebetweenthe two variables we
havea correlationcoefficientof -1; if thereis a negativecorrelation whenevemonevariable
hasa high (low) value the other hasa low (high) value A correlationcoefficient of O
meansthat there is no linear relationship betweenthe variables The formula of the
correlationcoefficient(pyy) betweertwo variables(X andy) is:

cov(X,Y
pr = —\(/f(xcy ) 3'27

wherecouX,Y) is the covariancebetweenX andY, oy andoy arethe standardieviationsof
X andY respectively Table 3-4 showsthe correlationcoefficientsof all the AEP features
andthe DOA level asclassifiedby the anaesthetist

Table3-4: Correlationcoefficientbetweerthe AEP featuresandthe DOA level.

AEP Feature Correlation Coefficient

Ds -0.3732
Ds1 -0.1765
Ds2 -0.3764
D4 -0.3954
D3 -0.1757
D31 -0.1956
D3 -0.1077
D33 -0.1414
D2 -0.1602
D1 -0.0299
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Thevalueof -0.3954 is the highestcorrelationcoefficientamoungthe AEP featuresThisis
not a very high value However this doesnot meanthatthereis no correlationbetweernhe
AEP featuresand DOA, only thatthereis a smalllinear correlationwhencomparingDOA
with individual features Different AEP featuresrepresentdifferent levels of resolution
different frequenciesand thereforedifferent levels of information aboutthe CNS. As a
result it is not expectedthat a simple linear relation using only one of the featurescan
adequatelydescribethe DOA level. All correlation coefficientsin Table 3-4 have one
common feature which is that they all have a negativevalue This demonstrategas
expectedl that the lower valuesof the AEP are associatedvith deeperevelsof DOA, i.e.
the depressiorof the CNS. As the DOA level increasesrom Awake to Deep(i.e. 1 to 5)
the MLAEP signal becomeamore flat (Figures1-1 and 1-2), this in accordancevith the
fact that increasingMLAEP latenciesare associatedwith increasingCNS depression
(Chapter2).

The FRCwastrainedandtestedwith normalizedAEP featuresThe AEP featuressector(2)
is normalizedusingthe following equation

z=Z%2Z 3-28

Oz

where 7Z is the meanando; the standarddeviationof vectorz. This type of normalization
translateandscaleshe axessothatall the featureshavezeromeanandunit variance The
data should be appropriately normalized before clustering since distance norms are
sensitiveto variationsin the numericalrangesof differentfeatures The Euclideandistance
usedin the c-meansalgorithm assignsmoreweightingto featureswith wide rangeghanto

thosewith narrowranges

The Xie-Beniindex (Equation3-17) wasusedto determinedhe optimal valuesof c andm
for the unsupervisedt-meansalgorithm Different setsof AEP featureswere usedas to
determinethe bestclassification Tables3-5 to 3-10 show the resultsof the FRC using
different sets of AEP featureson the testing data set (i.e. 138 sample}y A correct
classificationis assumedf the DOA level matchedhe anaesthetistlassification Selecting
appropriatefeaturesis very importantfor the optimization of performanceof FRC for
inappropriateselectionof featurescanleadto unclassifiedpatterns

Table 3-5 showsthe performanceof the FRC using AEP featureswith a highercorrelation
coefficient (Table 3-4). The results show that thesefeaturesare not sufficient for the
classificationprocess The numberof unclassifiedcasess high andthis suggestghat the
feature set could be inappropriateor not reflecting all the aspectsof the data The
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complexity of DOA is not easyto detectand this may compromisethe efficiency of any
classifier

Table3-5: Performancef the FRCusingthe Ds, Dsp, D4 andD3p AEP features
onthetestingdataset Xie-Benioptimumvaluesof ¢ = 11 andm = 2.6.

Correct Incorrect Unclassified

Number of samples 26 10 102
Percentage of samples  18.8% 7.2% 73.9%

Table3-6: Performancef the FRCusingtheDs, Dsp, D4, D2 andD1 AEP features
onthetestingdataset Xie-Benioptimumvaluesof ¢ = 9 andm = 2.6.

Correct Incorrect Unclassified

Number of samples 26 19 93
Per centage of samples  18.8% 13.8% 67.4%

Table3-7: Performancef the FRCusingthe D51, Dsp, D4, D31 andD1 AEP features
onthetestingdataset Xie-Benioptimumvaluesof c = 5andm = 2.6.

Correct Incorrect Unclassified

Number of samples 36 23 79
Percentage of samples  26.1% 16.7% 57.2%

Table3-8: Performancef the FRCusingtheDs, Dsi1, Dsp andD 4 AEP features
onthetestingdataset Xie-Benioptimumvaluesof c = 5andm = 2.4.

Correct Incorrect Unclassified

Number of samples 37 20 8l
Per centage of samples  26.8% 14.5% 58.7%

Table3-9: Performancef the FRCusingthe Ds1, Dsp, D31, D32 andD1 AEP features
onthetestingdataset Xie-Benioptimumvaluesof C = 5andm = 2.6.

Correct Incorrect Unclassified

Number of samples 67 27 14
Percentage of samples 4855%  19.6% 31.9%
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Table3-10: Performancef theFRCusingtheDs, D51, Dsp, D4, D3, D31, D32, D33, D2 andD3
AEP featuresonthetestingdataset Xie-Benioptimumvaluesof ¢ = 11 andm = 2.6.

Correct Incorrect Unclassified

Number of samples 85 53 0
Per centage of samples  61.6% 38.4% 0%

The secondset of AEP features(Table 3-6) gave the sameresultsas the first set The
inclusionof morehigh frequencydetail featuresprovedto introducemoreinformation and
asaresultthe percentagef correctclassifiedsamplesncreasedTable3-7). Theseresults
are confirmed in Table 3-8, where all high frequencyfeaturesare used However the
percentagef correctclassifiedcasess still low. In Table3-9, thelow frequencyfeatureD;
and the details D3; and D3, are included so as to provide information over a wider
frequencyrange The numberof correctclassifiedsamplesncreasedirastically This result
indicatesthat all the frequencybandsshould be usedso asto graspall the information
regardingDOA.

Finally, the whole setof AEP featureswasused The resultsare presentedn Table 3-10.
The percentag®f unclassifiedsamplesvasreducedo zerq andthe percentagef correct
classifiedsampleswas greaterthan beforewhen using different combinationsof features
The setof all the AEP featuregeflectsthe differentlevelsof resolutionof the AEP signal
All the frequencybandsare coveredandthe AEP detailsare decomposedo obtainall the
relevantinformation In addition the small numberof dataavailable can influence the
necessarynumber of AEP featuresfor an adequateclassification A larger number of
featuress necessaryo describehe DOA levels

Thebestclassificationperformancevasobtainedusingthe 10 AEP featuregDs, Dsi, Dsa,
D4, D3, D31, D32, D33, D2 andD;) with ¢ = 11 andm = 2.6. This will bethe setof AEP
featuresusedthroughouthis project

3.5.2 Cardiovascular Parameters Selection

The FRC usingonly the AEP featureswasableto classifyall the samplesAs a result the
cardiovascularparameterswould not have been used in the classification process
Neverthelesshe FRC wastrainedandtestedwith differentcombinationf cardiovascular
parametersoasto determinedhe bestclassification

The cardiovasculaparametersA\HR, ASAP and AMAP were studiedfor their correlation
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with DOA. Table3-11 showsthe correlationcoefficientsof the differentparametersASAP

has the highestcorrelationcoefficient a value of -0.7 showsthat thereis a high linear
correlationbetweemASAP andDOA. The negativesignis commonto all of the parameters
describing the increasingcardiovasculardepressionas DOA becomesdeeper AMAP

presentsa correlation coefficient of -0.6, which is still high. This result indicatesthat
arterial pressurereflectsmore variation with different DOA levels AHR doesnot havea
high correlation coefficient however it may still introducerelevantinformation in the

classificationprocess

The systolicandmeanarterial pressuresverethe first candidatesasthe FRC classification
features However both ASAP and AMAP alonedid not give good classificationresults
(Figure3-5). Hence the nextstepwasto include AHR in the classificationprocessfor the
cardiovasculastability is one of the major concernsn anaesthesiandthis is reflectedin

the heartrate aswell asin the arterial pressure The anaesthetistisesboth measurego
asses®OA andbothmustbe regulatedso asto ensurean adequatgatientstability. Figure
3-5 showsthe percentag®f correctclassifiedsampleqtestingdatase) by the FRC using
the different setsof cardiovasculaparameter§ASAP plus AHR, AMAP plus AHR, ASAP
or AMAP).

Table3-11: Correlationcoefficientbetweerthe cardiovasculaparametersndthelevel of DOA.

Cardiovascular Parameter Correlation Coefficient

AHR -0.0526
AMAP -0.6081
ASAP -0.7001

AHR+ ASAP | A HR+ A MAR

| Corect Classfisd Sampies (96) 465 283 &7

Figure3-5: FRC percentagef correctclassifiedsamplegtestingdatase) usingdifferentparameters
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AHR plus ASAP performedbetterfor classification It was found that theseparameters
carrymorerelevantinformationconsideringhe gradualchangesn DOA levels

The classifierwhich usesthe cardiovasculaparametersvas ableto classify 46.5% of the
samplescorrectlywith the Xie-Beni optimumvaluesof ¢ = 13 andm = 2.6. This resultis
hardly surprisingsincethe AEP representhe brain depressiorof hypnosis Neverthelessa
valueof 46.5% is areasonabl@ercentageonsideringll thatis involvedin anaesthesia

The cardiovasculasystemhasalwaysbeenan indicator of DOA for the anaesthetistThe
useof theseparameterss widely implementedandthe manualcontrol of DOA is mainly
baseduponthemwhenno informationaboutthe CNSis available

The FRC which usesonly the waveletextractedAEP featureswasableto classifyall the
samplesand as a result the cardiovasculamparametersvere not used However they
represenpatientvital signsthatshouldnot be disregardedThe FRC usingASAP andAHR
will remainasareinforcemenbdf theoverallclassifier

3.5.3. General Results

The FRC usingthe AEP featureswas appliedto the whole dataof the two patients Note
that data from both patientswere usedto train and test the classifier The resultsare
presentedn Table3-12.

The percentagef correctclassifiedsampless higherfor patientPat2 thanfor patientPat1.
However both resultsare acceptableFigures3-6 and 3-7 showthe FRC resultsfor both
patientsPatl and Pat2 respectively Analysingthe figures we canseethat the majority of
the incorrectly classifiedcasesare betweenthe OK/Deepand OK DOA levels Theseare
thetwo levelswhich werenot easyto differentiate In addition therearelessdatafrom the
Awake and OK/Light levels neverthelesstheseare more distinguishablefrom the other
levels

Table3-12: Percentagef sample<lassifiedby the FRCusingthe AEP features

Patient Correct Incorrect

Pat1 49.8% 50.2%
Pat2 59.6% 40.4%
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Figure3-6: Resultsof the FRCusingonly the AEP featuredor the dataof patientPat1.
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Figure3-7: Resultsof the FRCusingonly the AEP featuredor the dataof patientPat2.

The FRC presentsan acceptableperformanceand is capableof capturingthe transition

from awaketo anaesthetiseddeally, datafrom anotherpatientshouldbe usedto analyse

the overall efficiency of the classifier However this was not possibleto gatherdue to

circumstancebeyondour control

During both surgical proceduresthere were incidents of diathermy (use of electrical

bisturi), which interferedwith the recordingof AEP. Diathermy is responsiblefor the

sampleglassifiedasAwake aftertheinductionof anaesthesia hisis morenoticeablewith

patient Patl. The electrical interferenceof diathermyon the AEP will be discussedn

Chapters with the modellingof the effectsof surgicalstimulus
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3.6 Comparison with other Classifiers

In this section the resultsof the AEP featuresFRC are comparedwith the resultsof two
other classifiers First, a Kohonen Self-OrganizingMap (KSOM) will be presentedand
secondlyan Adaptive Network-BasedInferenceSystem(ANFIS) for the classificationof
DOA.

The KSOM wasusedby Backory(1999) to asses®OA from the AEP. The KSOM usessix
of the AEP featurespresentedn the previoussection This setof featureswas studiedby
the sameresearcheland provedto give acceptableresultswhen using the KSOM. The
KSOM developedoy Backory (1999) will be appliedto the datafrom patientsPatl and
Pat2, andlatera KSOM will betrainedandtestedwith the samedatasetsusedfor the FRC.

The ANFIS was usedby Linkens and Abbod (1998) and Linkens et al. (1998) to assess
DOA from a setof six waveletextractedAEP features The ANFIS usesa different setof
featuresthan KSOM. This classifierwas appliedto the datafrom patientsPatl and Pat2.
Finally, the ANFIS was trained and tested again with the same data sets used when
developingthe FRC. Theresultsarecomparedwith the onesfrom the FRC usingthe AEP
featuresonly.

3.6.1 Kohonen Self-Organizing Map

KohonenSelf-OrganizingMap (KSOM) is an unsupervisedearningmethodnetwork This
type of network forms its own classificationsof the training data However two basic
assumptionsabout the network have to be made the first is that class membershipis
broadlydefinedasinput patternshat sharecommonfeaturesthe otheris that the network
will be ableto identify commonfeaturesacrossthe rangeof input patterns KSOM works
upontheseassumptionsand usesunsupervisedearningto modify the internal stateof the
networkto modelthe featuresfoundin the training data The learningalgorithmorganizes
the nodesin the grid into local neighbourhoodshat act as featureclassifiersin the input
data The topographicmap is autonomouslyorganizedby a cyclic processof comparing
input patternsto vectorsstoredat eachnode No training responseas specifiedfor any
training input. Where inputs match the node vectors that areaof the map is selectively
optimized to representan averageof the training datafor that class From a randomly
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organizedsetof nodesthe grid settlesinto a featuremapthathaslocal representatioandis
selforganized Self-organizationrefers to the ability to learn without being given the
correspondingutputfor aninput pattern Therefore self-organizingnetworksmodify their
connectionstrengthsbasedonly on the characteristic®f the input patterns A training set
hasmanyinput vectorsthat are similar, and the network shouldbe trainedto activatethe
sameKohonenneuronfor eachof them

Backory (1999) developeda KSOM for DOA using the dataof nine patients Thesedata
werefurther balancedwith datafrom threevolunteersfor the Awake and OK/Light levels

In addition statisticalgenerationof datafor the OK and OK/Deeplevelswasused This

was necessaryn orderto achievebalancedtraining and testingdatasetsfor the KSOM.

This neuralnetworkclassifieruseda setof AEP featuresformedby: Ds;, Dsy, D4, D3, D2

andD;i. The KSOM developedand usedby Backory (1999) was appliedto the datafrom

patientsPatl andPat2, the classificationresultsbeingpresentedn Table3-13.

Table3-13: Percentagef sample<lassifiedby the KSOM (Backory, 1999).

Patient Correct Incorrect

Patl 9.5% 90.5%
Pat2 13.2% 86.8%

The KSOM hasa very low performancewith a very low correctclassificationpercentage
Figures3-8 and3-9 showthe KSOM classificationfor the two patients The KSOM wasnot
ableto correctlyidentify the DOA levels

The datausedby Backory (1999) was gatheredduring generalanaesthesiwith a different
combinationof drugs i.e. fentanylasthe analgesiarug, while with patientsPatl and Pat2
remifentanilwas the analgesiadrug used The effect of analgesicon the AEP is a study
underinvestigationandthereareno clearresults However someresearchepoint out that
remifentanilmay depressAEP in a dosedependenmanner(Crabbet al., 1996; McGregor
et al., 1998). Therefore the KSOM was trained againwith the samedatasetsas for the
FRC (Table 3-3), so as to reflect the remifentanil influence The resultsof thesenew
KSOM arepresentedn Table3-14, consideringhetestingdataset
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Figure3-8: Resultsof the KSOM (Backory, 1999) for the dataof patientPat1.
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Figure3-9: Resultsof the KSOM (Backory, 1999) for the dataof patientPat2.

Table3-14: Performancef thenewKSOM (trainedwith the datafrom patientsPatl andPat2) onthe
testingdataset

Correct Incorrect

Number of samples 97 41

Per centage of samples  70.3% 29.7%
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Table3-15: Percentagef sample<lassifiedby the newKSOM (usingthe samedatasetasthe FRC).

Patient Correct Incorrect
Patl 47.8% 52.2%
Pat2 64.3% 35.7%

Table3-15 showstheresultsfor patientPatl andPat2 separatelyThe correctclassification
percentagdor the new KSOM is very high. However Figures3-10 and 3-11 show that
evenwith a high classificationpercentagehe KSOM wasnot ableto correctlyclassifythe
DOA changesin fact, the KSOM haslabelledall the datasamplesasOK/Deep indicating
thatit is biasedtowardsthe OK/Deeplevel. This is dueto the fact that the majority of the
trainingdatasamplesarefrom the OK/Deeplevel, which predominates
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Figure3-10: Resultsof thenewKSOM (usingthe samedatasetasthe FRC) for the dataof patientPat1.
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Figure3-11: Resultsof thenewKSOM (usingthe samedatasetsasthe FRC) for the dataof patientPat2.
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The KSOM needsa balancedtraining data set and a large numberof samples usually
above 1000. The amountof data availableis very small and this will compromisethe
performanceof any neuralnetwork KSOM works bestwhenthe networksare very large
andthe smallerthe network the lessaccuratehe statisticaimodelwill be.

3.6.2 Adaptive Networ k-Based Fuzzy I nference System

Jang(1993) proposedan Adaptive Network-BasedFuzzy InferenceSystem(ANFIS) that
identifies a set of parametersthrough a hybrid learning rule combining the

backpropagationgradientdescentand a leastsquaredmethod ANFIS is a graphical
network representatiorof SugeneType fuzzy systems endowedwith neural learning
capabilities This allows the fuzzy systemto learnfrom the datathey are modelling The
membershigunction parametergre chosenso asto tailor the membershigunctionsto the
inputoutput data Therefore ANFIS is usedfor tuning the rules of fuzzy systems The
networkis comprisedof nodesandwith dutiescollectedin layerswith specificfunctions It

constructsa networkrealizationof fuzzy rules ANFIS structureis shownin Figure 3-12.

Layer 1 consistsof membershigunctionswith adaptablegparametersLayer 2 implements
the fuzzy AND operatomwhile layer 3 actsto scalethe firing strengthsThe outputof layer
4 is comprisedof a linear combinationof the inputs multiplied by the normalizedfiring

strength Layer5 is a simplesummatiorof the outputsof layer4.

fi(X}

£1;(X)

fin (X}

(X
4 5

Figure3-12: ANFIS structure

Linkens and Abbod (1998) and Linkens et al. (1998) usedthe ANFIS to classify DOA
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usingsix AEP features D4, Da1, D3, D33, D2 andD;. This setof featureswasstudiedfor
correlationwith DOA andclassificationperformanceThe datafrom severalpatientswere
usedto trainthe ANFIS, usingthe samedrug combinationasBackory(1999).

The classifierdevelopedy theseresearchersvas appliedto the dataof patientsPatl and
Pat2 (Table 3-16). The resultsshowthatthe ANFIS classifierperformswell with the data
from patient Pat2. PatientPatl includesmany DOA variationsand incidentsof Awake
classification (Figure 3-13). Thesesporadicsamplescould be partly due to diathermy
However manywrong classificationson the OK/Light level caninducethe anaesthetisn
error. In addition the DeepDOA level classificationsarealsomisleading sincethis levelis
dangeroudor the patient NeverthelessANFIS performedbetterthanthe KSOM. Figure
3-14 shows the overall DOA classification for patient Pat2. The classifier performs
reasonablyandis capableof distinguishingoetweerthelighteranddeepeDOA levels

Table3-16: Percentagef sample<lassifiedby the ANFIS (LinkensandAbbod, 1998).

Patient Correct Incorrect

Patl 33.3% 66.7%
Pat2 59.6% 40.4%

Deep 5

&

Ok/Deep 4 ]

—Anaesthetist DOA
& ANFIS DOA

OK 3 4 4 Hebdhbe

OK/Light 2

Awake 1

e &
- —

0 2000 4000 5000 8000 10000 12000

Time is)

Figure3-13: Resultsof the ANFIS (LinkensandAbbod 1998) for thedataof patientPatl.

In Abbodet al. (1998) a secondmeasureof DOA wasused A rule-baseduzzy logic using
heartrateandarterialpressuras usedto obtainanothermeasureof DOA. This measuras
fused(usingfuzzy logic ruleg with the ANFIS DOA measurdo obtaina final assessment
of DOA. Theresultswith this datafusionof multi-anaesthetidepthmeasuregmprovesthe
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overallclassificationresultspresentedn the samestudy.
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Figure3-14: Resultsof the ANFIS (LinkensandAbbod, 1998) for the dataof patientPat2.

The ANFIS classifierusingthe AEP featureswastrainedagainwith the samedatagroups
asthe FRC (Table 3-3). The objectivewasto comparethe resultswith the resultsof the
FRC using the sameresourcesTable 3-17 showsthe resultsof the new ANFIS on the
testingdataset The performancef the ANFIS is smallerthanthe FRC (Table3-10).

Table3-17: Performancef thenew ANFIS (trainedwith the datafrom patientsPatl andPat2) onthe
testingdataset.

Correct Incorrect

Number of samples 29 109

Percentage of samples  21% 79%

The new ANFIS wasappliedto the dataof patientsPatl and Pat2 separatelyTable 3-18).
The correct classification percentagehas decreasedor patient Pat2, but increasedfor
patientPatl whencomparingwith Table3-16.

Table3-18: Percentagef sample<lassifiedby the new ANFIS (usingthe samedatasetasthe FRC).

Patient Correct Incorrect

Patl 41.8% 58.2%
Pat2 28.2% 71.8%

Figures3-15 and 3-16 show the overall classificationresultsfor patientPatl and Pat2
respectively The ANFIS is ableto distinguishbetweenighter anddeepedDOA levels The
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majority of the samplesareclassifiedin the OK DOA level. Notice that OK and OK/Deep
levelsaremostdifficult to distinguish Neverthelessthe ANFIS developedy Linkensand
Abbod (1998) hasa betterperformancewith the datafrom patientPat2 thanwith the data
from Pat1.

Deep 5
OK/Deep 4 |
—— Anaesthetist DOA
Ok 34
& MewANFIS DOA
Okilight 2 4
A\"\"ake 1 T T T T T
0 2000 4000 BO0D 8000 10000 12000
Time (s)

Figure3-15: Resultsof thenew ANFIS (usingthe samedatasetasthe FRC) for the dataof patientPat1.
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Figure3-16: Resultsof thenew ANFIS (usingthe samedatasetasthe FRC) for the dataof patientPat2.

3.6.3 General Results

Figure 3-17 showsthe classificationresults of the classifierspresentedpreviously the
KSOM developedby Backory (1999) and the ANFIS developedby Linkens and Abbod
(1998). The ANFIS matchesthe performanceof the FRC when consideringpatient Pat2.
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However the ANFIS was not trainedwith datafrom this patientand sucha high correct
classificationpercentagendicatesthe efficiency of the classifier The KSOM hasa poor
performancevith the datafrom both patients

tage of Correct Classified Samples
50
40
% 30 e L
24 :
10
FRC HEOM* ANFLET
| Patient Pat! 49.2 9.3 233
g FPatient Patz 396 131 99.6
S 0OM from Backony {1999)
= ANFIS fram Linkens and A bbad (19883)

Figure3-17: Classificationresultsusingthe FRC, the KSOM andthe ANFIS.

The datausedby theseresearcherso developthesetwo classifierswere gatheredduring
generalnaesthesiwhenusinga combinationof propofolandfentanyl While the FRCwas
trained with the data from patientsPatl and Pat2 which was obtained under general
anaesthesiavith a combinationof propofol and remifentanil The two analgesicsi.e.
fentanyland remifentani|] havedifferent characteristicsRemifentanilis more potentthan
fentanylandit is known for reducingthe cardiovasculaparametersnore than the other
analgesicsWhetherremifentanilcaninfluencethe AEP is still a matterof debatebutit is
notunreasonabl® think sa

It wasdiscussedn Chapter2 thatthe AEP showsimilar resultswith different anaesthetic
agents reflecting the hypnotic effect The synergistic interaction of propofol and
remifentanilwill be discussedn Chapter4. Remifentanilpotentiategpropofol therefore
the degreeof unconsciousnessill be different when using propofol aloneand whenthe
samedoseof propofol is combinedwith remifentanil Consequentlythe KSOM and the
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ANFIS weretrainedagainwith the samedataasthe FRC. Table3-19 showsthe percentage
of correctclassifiedsamplef thethreeclassifierson the sametestingdataset

Table3-19: Percentagef correctclassifiedsampleon thetestingdatasetby thethreeclassifiers

FRC New KSOM New ANFIS
Testing dataset 61.6% 70.3% 21%
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Figure3-18: Classificatiorresultsusingthe FRC, thenewKSOM andthe new ANFIS.

Analysing Table 3-19 andrecalling Figures3-10 and 3-11, it is obviousthatthe KSOM is
biasedto the OK/Deeplevel and that evenwith 70.3% of correctclassifiedsamplesthe
classifierhasa poor performanceFigure 3-18 showsthe resultsof the classifierson the
datafrom both patients The ANFIS performsbetterthan the KSOM, becauset is not
biased Overall the FRC led to an acceptablgerformanceand provedto work betterthan
theotherclassifiersonthe availabledata
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3.7 Summary

The classificationof DOA is a complextask but essentiato developefficient closedloop
control systems However direct measurementsre unavailableand signal processing
techniquesrerequiredto determinghe DOA level.

Researchon MLAEP led to the investigationof feature extraction techniquesand of
classifiers soasto obtaina clearindicatorof DOA. Any patternthatcanberecognisedgnd
classified possesses numberof discriminatoryfeatures The measuredvaluesdo not
necessarilycarry much discriminatory informationn the data may even complicate the
classificationschemébecausef this deficiency Thefirst stepin the classificationtaskis to
considerthe problem of what discriminatoryfeaturesto selectand how to obtain these
features The use of MRA with WT provedto be very efficient in extracting relevant
featuresfrom the AEP. The MRA decomposethe AEP into differentresolutionsallowing
a detailed analysisof the behaviourof the signal in its different spectralbands The
decomposed@omponentsvere analysedor their energycontentand theseare usedasan
indicatorof the DOA. The nextstepis how to classifythesedetailedfeaturesnto different
anaesthetidepths The complexity of biomedicalsystemamakesit a favourablespacefor
fuzzy logic basedapplications In this specific case thereis a small amount of data
available this canbe provedusefulwhenchoosinganadequateype of classifier

Neural networksare very popularas classifiersand have provedto be efficient in some
casesHowever they needalargenumberamountof datato be effective Balancedraining
data sets representingall the classificationclasseswith a similar amountof samplesis

essentialfor a nonbiased neural network classifier This is reflected in the KSOM

performancewherethereis alsotherisk of overtraining

The trained FRC was usedto classify a setof waveletextractedAEP featuresinto DOA
levels The FRC usesfuzzy relationsto establishthe connectionbetweennatural data
clustersand the classidentifiers The nature of the FRC makesit adequatefor high
dimensionvector featuresand complex classificationprocesseswhen a small amountof
datais available thisis reflectedin the classificatiorresults

The ANFIS led alsoto acceptablaesults however thesewere no betterthanthoseof the
FRC. Note that ANFIS usesneural network training techniquesallied to fuzzy logic
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decisionmaking

The results of the AEP features classifier have to be carefully analysed since the
anaesthetistbased his decision about DOA level on the clinical signs and his own

experience Consideringthat the samplingtime was 30 seconds it was possible that
changesn the DOA level from OK to OK/Deepcould go unnoticedto the anaesthetist
Therefore some samplesattributedto a wrong classificationcould in fact be correct

Neverthelessthe anaesthetiss opinionis takenasthe correctclassificationfor thereis no

other preciseanalysisto evaluateDOA. In conclusion this is not an easyclassification
problemwhere one knows the correctclassificationand the performanceof the classifier
canonly be judgedon the percentag®f the correctclassifiedsamplesthe overall trend of
classificationhasto be accountedor. It is importantthatthe classifieris ableto distinguish
betweerthe differentlevelsof DOA, andspeciallyto reflectthe trend of anaestheticepth
changes

The FRC will be usedthroughoutthis projectasthe classifierof DOA from the wavelet
extractedAEP features A secondFRC was also trained with a set of cardiovascular
parametersandwill be usedasa reinforcemento the overall decisionscheme The AEP
FRCdid notpresenanyunclassifieccases
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Chapter 4

Patients and Drug Phar macology

4.1 Introduction

The conceptsof DOA and AEP were presentedn the previouschapters However in
anaesthesithe adopteddrug profile playsanimportantrole (i.e. anaesthetiandanalgesic
drug9. The interactionof differentdrugshasalsoan influenceon the overall efficacy and
efficiency of anaesthesiaThe anaesthetisthas to be aware of the drug effects and
interactions

Anaesthesianvolvesthe useof threedrugs a musclerelaxant an anaestheti¢hypnotiq
and an analgesic Sincethe main concernis the monitoring and control of DOA, and as
explainedin Chapter2 the musclerelaxanthasno influenceon the degreeof hypnosis The
analgesicdrug is of more importancesince it affects the pharmacodynamic®f the
anaesthetidrug and thereis no clearindicator of the degreeof pain The analgesicand
anaesthetidrugsareinterconnectegdsincetheyinteractwith eachothersoasto achievean
adequatdevel of DOA andanalgesia

Theintravenousanaesthetidrug propofolis usedin this project The drug propofolcanbe
usedasa soleanaesthetiagent However the requiredpropofol concentrations associated
with severehaemodynamiaesponsesAs a result propofol is combinedwith specific
analgesi@agentsso asto reducethe doserequirementanddiminish the side effectsduring
anaesthesia he intravenousanalgesiarug remifentanilis the analgesiagentusedin this
project Remifentanilis a newrapid-actingu-opioid thatcanbetitratedto patients needs

In this chaptey the patients demographys presentedndthe propertiesof the anaesthetic
(propofol) and analgesic(remifentani) drugsusedare explainedin detail In addition a
review of researchon drug interactionsand its importancein balancedanaesthesias
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presentedThe differenttypesof druginteractionsareexplainedandmainfocusis givento
thedrugscombinationusedin this project(i.e. propofolremifentani).

4.2 Patients Demography

The datausedin this project were gatheredduring surgical interventionsin the Royal
Hallamshire Hospital in Sheffield with the supervisionof Dr. J. Peacock a senior
anaesthetisin the Departmentof Anaesthesiaf the samehospital The patientshad an
ASA | or Il statusandgavepreviousexplicit consento beincludedin this study.

The datacollectionwasrestrictedto patientswho receivedthe sameanaestheti@analgesic
drug profile, andto surgicalinterventionsthat did not needotherdrugsthat could interact
with this particulardrug profile. For instance obesepatientscould not be usedfor the data
gathering since these patients have different pharmacokineticproperties and patients
having serious health problems and previously medicatedwith other drugs were also
excluded since these could interfere with normal drug profile/interaction In addition

surgical procedureghat require electricalequipmentthat could interfere heavily with the
AEP recordingwereexcluded

A clearprofile of bothdrugsis of greatimportancewhenthe interactionbetweerthe drugs
andits effectson DOA arebeingstudied hence it wasnot easyto gathersuitabledata In

addition the Royal HallamshireHospitaloperationtheatresvere beingrestructurediuring
the courseof this project limiting evenmorethe numberof suitablecases

The surgical datarelating to three patientswere collectedfor the project In one of the
surgicalinterventiongherewasa fault in the AEP recordingequipment Therefore patient
Pat3 was excludedfrom the study. The two other patientsprofiles are presentedn Table
4-1.

The datafrom both patientswere usedto train and testthe DOA classifier (Chapter3).
However when modelling the drug effectsonly the datafrom patientPatl will be used
PatientPat2 wasexcludedfrom the modellingpartbecausef the drug profile usedandits
possibleimplications The useof a bolusof morphinecould haveaddedan extrainteraction
with propofol sincethe level of analgesias not only providedby remifentanil In addition
thereare somecontroversiakresults(Sasadand Smith, 2000) aboutthe useof atracurium
(musclerelaxan} with propofol indicatinga possiblephysicalincompatibility. This means
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thatbothdrugscannotbe mixedtogetherin the samesyringe However whenadministered
separatelyinto different veins there is little risk of incompatibility, consideringthat
atracuriumwas usedin bolus dosesand the speedof the blood flow. Thesefacts could
interferewith the analysisof the interactionof propofol and remifentaniland lead to an
inadequatenodel Therefore it wasconsideredestto excludethe datafrom patientPat2
andonly usethe coherentata(i.e. Patl) for themodellingpart(Chapters).

Table4-1: Particularsof the patientsforming partof this study The drugsusedarepartitionedin three
categoriesmusclerelaxant(vecuroniumandatracuriun), anaestheti¢propofo) andanalgesic
(remifentanilandmorphing.

Patient Date Age Sex Weight (kg) Surgical Procedure Drugs Used

Patl  14/06/2000 75 M 82 IncisionRetroperitoneal Vecuronium
Sarcoma Propofol

Remifentanil

Pat2 21/02/2001 66 F 61 RightMastectomyand  Atracurium
Axillary NodeClearance Propofol

Remifentanil

Morphine

Two GRASEBY 3500 anaesthesiayringe pumpsfrom GrasebyMedical Limited were
used Onefor theinfusion of propofolandthe otherfor remifentanil Both infusion profiles
were controlledby the anaesthetistThe GRASEBY 3500 incorporatesa “Dipifusor’ TCI
for propofol Thereforeg the anaesthetidiargetedhe propofol plasmaconcentratiorandthe
TCI infusion algorithm decidedupon the necessarynfusion rate Figure 4-1 showsthe
syringepumpused which hasan RS232 outputport for theinterfacewith acomputer

Figure4-1: GRASEBY 3500 anaesthesigyringepumpusedfor propofolandremifentanil
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4.3 The Anaesthetic Propofol

Propofol (Diprivan) is used mainly for the induction and maintenanceof general
anaesthesjandalsofor sedationduringintensivecareandregionalanaesthesidt hasalso
been used for the treatmentof refractory nauseaand vomiting in patients receiving
chemotherapyand in the treatmentof statusepilepticus but theseare secondaryusesof
propofol (Sasadand Smith, 2000). The effectsof propofol are controlledby rapid hepatic
metabolismA significantproportionof the drugis metabolisecassoonasit passeshrough
the liver. Becauseof the rapid hepatic metabolismof propofol accumulationdoes not
occurandsothe wakingtime shouldbe the sameirrespectiveof the durationof the normal
maintenanceanfusion recoveryis pleasant nauseaand vomiting are rare (Carrie et al.,

1996).

Propofolis presentecgsa white oil-in-wateremulsioncontaining1% or 2% weightvolume
of propofol in sybean oil and purified egg phosphatide Propofol is administered
intravenouslyin a bolus doseof 1.5-2.5 mg/kg for induction and as an infusion of 4-12
mg/kg/h for maintenanceof anaesthesiaThese dosesare for normal patients when
consideringchildrenor elderly the doseshaveto be adjustedaccordingto the groupdrug
sensitivity Children require higher dosesof propofol to maintain adequateanaesthesia
(Marshet al., 1991). Generallyanincreaseof 25-50% is necessaryMcFarlanet al. (1999)
explains that children require higher infusion rates than adults due to altered
pharmacokineticsn this agegroup Somepracticalguidelinesfor the useof propofolin
paediatricanaesthesiare also presentedn the samestudy The influence of ageon the
propofol requirementshas been studied by severalresearcher§Peacocket al., 1990;
Schnider 2000; Schnideret al., 1999; Schuttlerand Ihmsen 1993). When considering
elderly patients genderalso influencesthe pharmacokineticof propofol Vuyk et al.
(2001) reportsthat female elderly patientsrequire approximatelya 10% higher propofol
infusion ratethanmale patients in orderto ensurethe sameblood propofol concentration
Female patientswill regain consciousnessnore rapidly than male patientswhen they
experience similar propofol infusion schemes in the presence of a similar
pharmacodynamiprofile.

Propofol is a useful drug for induction and maintenanceof hypnosis during total
intravenousanaesthesial he drug s fast distributionandrapid metabolisnresultin a short
plasmahalf-life. This explainsthe fastandclearheadedecoveryafterits useand makesit
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anidealdrugfor usein continuousnfusions

Propofol producesa 15-25% decreasen blood pressureand systemicvascularresistance

anda 20% decreasen cardiacoutput This is oneof the side effectsof propofol Profound

bradycardiaandasystolemay complicatethe useof the drug (Chaudhriet al., 1992; Sasada
andSmith, 2000; Schulzeet al., 1999).

Propofol decreaseshe amplitudesof the AEP dueto its hypnotic effect (Chassardet al.,
1989; Palmet al., 2001). Kuizengaet al. (1998) studiedthe effectsof propofolonthe EEG,
when infused at a rate of 0.5 mgkg/min for 10 minutes They concludedthat propofol
exertsa biphasiceffecton the EEG amplitudein all frequencybands

Computerizedpropofol infusion systemshave beenusedin anaesthesidor sometime.

Researcherlike Russellet al. (1995) and White and Kenny (1989), evaluatedthe use of
manualversusTCI of propofol Overall controlledinfusion of propofol haveperformedas
accuratelyas manual infusions Robertset al. (1988) developeda simple schemefor

manualcontrol of a propofolinfusionsoasto approximatehe programusedby a computer
controller This schemeprovedto be efficientwhenthe anaesthetisdid nothaveaccesgo a
microprocessocontrolleror acomputerenabledvolumetricinfuser

A drug general pharmacologyis divided in pharmacokineticeand pharmacodynamics
Pharmacokineticsaare generally describedas “what the body doesto a drug’, while
pharmacodynamicaredescribedas “whatthe drugdoesto the body’ (Shieh 1994). In the
nextsectionthe pharmacokineticef propofolwill bediscussed

4.3.1 Pharmacokinetic M odel

Pharmacokineticss the quantitativestudy of the absorption distribution metabolismand
elimination of chemicalsin the body and the rate of theseeffects Most drugs exhibit
multicompartmenpharmacokinetibehaviour(Sheineret al., 1979). A threecompartment
model bestdescribeghe distribution and elimination of propofol This modelis usedto
predict the plasma concentrations Figure 4-2 shows the general diagram of a
threecompartmeniodel

The pharmacokineticef propofolappeartto be linearwithin clinical dosageangesThis is
necessaryor the compartmentaiodelto adequatelhdescribethe metabolismof propofol
The shape of the drug concentrationdecay is unaffected by dose and the derived
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pharmacokinetiparameteraresimilar for the differentdosesused(Gepts 1998).
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Figure4-2: Thethreecompartmentnodel Thekij aretheinter-compartmentalateconstantghatgovern
drugdistributionandKg is the rateconstanof elimination Compartment is definedasthecentral
compartment

The pharmacokineticconstantsused in the propofol linear threecompartmentmodel
(Figure4-2) areshownin Table4-2, andwereusedby Marshet al. (1991). V. is thecentral
compartmenvolume perkg of patients weight V. is usedto deriveV; the volume of the
central compartment from the mass of the patient using Vi =V.*xmass. The
pharmacokineticparametersdescribing the flow-rate of the drug betweenthe various
compartmentareasfollows: k; is therateconstanfor drugtransferfrom compartment to
compartmeni; kio is the rate constantof elimination from the centralcompartmen{i.e.
compartment).

Table4-2: Pharmacokinetiparameter$or propofoldescribedby Marshet al., (1991) reflectingthe
threecompartmenpatientmodel

Ve (kg™) kio (Min™) k2 min™) kiz (min™) kog (min™t) ka1 (min™t)

0.228 0.119 0.112 0.0419 0.055 0.0033

Following a propofol injection to the central compartment elimination and
inter-compartmentaldistribution can be defined by the following systemsof equations
consideringmy(t), mx(t) and mz(t) asthe massesat time t in compartmentl, 2 and 3
respectivelyandr(t) asthedruginfusionrateattimet.

rm (t) = k21m2(t) + k31m3(t) - (k12 + Kz + klo)ml(t) + r(t)
my (1) = kiomy(t) — Kormp(t) 4-1

Mg (1) = Kasma(t) — kaima(t)

Assumingzeroinitial conditionsand usingthe Laplacetransform the systemin Equation
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4-1 becomes

SMl(S) = k21|\/|2(S) + k31M3(S) - (k12 + k13 + k10)|\/|1(S) + R(S)
SMz(S) = k12M1(S) - klez(S) 4-2
SMg(S) = klng(S) - k31M3(S)

Finally
Mi(s) _ (K tKa)StkyKa 4-3
R(s) S*H+p,S*+P,SHP;
where
P1 = ka1 + Ka1 + K12 + Kiz + Kio 4-4
P2 = Karka1 + Ki2kiz + Kizkor + Kiokar + Kioka: 4-5
p3 = Kaiksikio 4-6
The plasmaconcentratior{i.e. concentrationn compartmentl) is describedas
Co = 47

Equation 4-3 is discretisedusing a ZOH (zercorderhold) and a sampling rate of 30
seconds

The values of the pharmacokineticparametersare average population values The
individual pharmacokineticariability producedifferent pharmacologicatesponsesvhen
patientsare given identical dosesof a drug Therefore the doserequiredto producea
specific responsanay vary betweenindividuals Age, body weight and diseaseare some
factorsthat affect more the pharmacokinetiavariability. Propofolinfusion ratesshouldbe
setaccordingto total bodyweight (Hirota et al., 1999). Plasmaconcentratiorof propofolis
dependenbn the body weight during a fixed rateinfusion (Equation4-7). Specialcareis
necessaryvith obesepatients sincethe pharmacokinetiparametersrelargely affectedby
this.

The accuracyof the differentsetsof parametersvasanalysedy Glasset al. (1989). It was
foundthat if the parameterarecoherenthenthe compartmentaiodelis valid.

In conclusion the pharmacokineticss the mathematicabnalysisof the drugs matabolite
levelsin the body. The changesn drug concentrationn relationto time areusedto derive
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the pharmacokineticconstantshat adequatelyaccountfor the behaviourof drugsin the
body.

4.3.2 Effect Compartment

There is a temporal delay betweenchangesin the plasmadrug concentrationand the
measureceffect becausesomedrugsact at the siteswhich mayberemotefrom the blood

stream This delay is a consequencef the finite time neededfor drugs moleculesto

equilibrate with the effect site The effect site is modelled by adding an additional
compartmentlinked to the centralcompartmenof the threecompartmenpharmacokinetic
model(Figure4-2) by the singlefirst-orderprocesshownin Figure4-3.

! Effect

C oticentr ation (T &)
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Figure4-3: Effect compartmeninodel Keg is therateconstanof drugelimination

More accurately the effect compartmentis connectedto the central compartmentoy a
first-orderrate constantkie, while the drug dissipationfrom the effectcompartmenbccurs
by meansof a secondfirst-order rate constant key (Sheineret al., 1979). However the
effect compartmentis defined as being negligibly small and kie is an arbitrary small
fraction of ke. The hypotheticalconcentrationin the effect compartmentcan only be
calculatedif the value of ke is known, sinceke will preciselycharacterizeéhe temporal
effectsof equilibrationbetweerthe plasmaconcentratiorandthe correspondinglrug effect
(Mortier andStruys 2000).

Bovill (2000) reportsthat a consequencef the delay in equilibrationis that a plot of
pharmacodynamicesponse(effec) againstplasmaconcentrationmeasuredduring and
aftera shorti.v. infusion will showan anticlockwisehysteresidoop. The underlyingeffect
site concentratiorand the blood-effect delay (i.e. the value of ke), can be estimatedby
manipulatingthe hysteresisoop sothattheloop collapses

The pharmacodynamiparameteke for propofolwassetby Linkenset al. (1993) asbeing
0.1 min~t. In the samestudy, theseresearcherssedthe samepharmacokinetiparameters
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shownin Table4-2. Thevalueof kg = 0.1 min~t will be usedin this project

The concentratiorof drug at the effectsite (Ce), not the plasmaconcentrationgovernsthe
drugeffect Therefore it is moreaccurateo usethe effectconcentratiorito modelthe drug
effect (Jacobsand Williams, 1993; Morita et al., 2000; Shaferand Varvel, 1991; Weiss
2000).

Wakeling et al. (1999) comparesthe targeting of the effect compartmentor central
compartmentconcentrationof propofol for predicting the loss of consciousnessThe
mediantime to lossof responsivenessas3.02 minutesin the grouptargetedo a predicted
plasmaconcentrationversusa 1.23 minutesin the group targetedto a predictedeffect
compartmentoncentrationThe effect site is the theoreticalcompartmentn which a drug
exertsits actionandthusthe concentratiorat this site is a directdeterminatiorof the effect
of thedrug

4.4 The Analgesic Remifentanil

Opioids providethe analgesiaequiredin balancedandtotal i.v. anaesthesitechniquego
block autonomic nervous system and somatic responsesto noxious surgical stimuli.
Remifentanil(GI87084B) is oneof the opioidsusedto providethe analgesiccomponenbf
general anaesthesialt is a new synthetic opioid that exhibits classic p-agonist
pharmacologic effects including analgesia sedation and respiratory depression
Remifentanil is presentedas a clear, colourless solution for injection, containing
remifentanilhydrochloridein a glycine buffer (SasadandSmith, 2000).

A metabolismby nonspecificesterasegivesremifentanila pharmacokinetigrofile unlike
that of any other opioid. The clinical advantageof this drug lies in its extremelyrapid
clearance and offset of effect which is independentof excretory organ function
Remifentanilcan be closely titrated to patientneedand could provide new methodsof
combininglarge-doseopioid anaesthesiwith risk reductionstrategiegCamuandRoyston
1999).

Remifentanilis generallyadministeredoy continuousinfusion becauseantermittentbolus
dosesare inconvenientfor all but shortestproceduresA continuousinfusion approaches
steadystateconcentrationin only 10 minutes(Rosow 1999). The titration of drug doses
accordingto eachpatients needss facilitatedby the rapid offsetof actioncombinedwith a
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rapidonsetof action(Westmorelandt al., 1993).

Accuratedosingof remifentanilis not quite so critical aswith otheropioids becauseapid
recoveryis effectively doseindependentlts clearances unaffectedby variablessuchas
hepaticor renal function, gendey drug interactionand duration of infusion Hoke et al.
(1997) concludedthat remifentanil elimination was independenof renal function (renal
diseasg The otherparametershat havebeendemonstratedo alter remifentanilclearance
such as age and weight do not producegreat changesin drug duration Therefore an
infusion of remifentanilproducesa consistensteadystateblood concentratiorandthe rate
of disappearancis moreuniform within a patientpopulation(Minto et al., 1997a; Rosow
1993). However Minto et al. (1997b) showedthat agerelatedpharmacodynamichanges
occur in the peak effect site concentrationsbecauseEEG showedan increasein brain
sensitivityto opioidswith increasingage

The reduction in pharmacokineticvariability with remifentanil is one of its major
advantagesPeacocket al. (1998) showthat remifentanilcanbe usedfor a diversepatient
populationaspartof a balancednaesthesia

Reves(1999) suggestshat practitionersshouldbe educatedboutremifentanil The unique
pharmacokinetiqrofile of remifentanil gives it unparalleledflexibility, but vigilance is
requiredto avoid problems The rapid onsetof analgesiaanbe accompaniedy anequally
rapidonsetof sideeffectsif thedosegivenis too largeif it is giventoo rapidly.

Remifentanilinfusions have beenevaluatedby Williams (2000) for cardiacand vascular
anaesthesidde presentsaa new methodfor calculatingthe remifentanilinfusion rate based
on weight This methodwasaccompaniedby Cort (2000), who presentedn easydilution
technique to simplify the administration of remifentanil by infusion to supplement
anaesthesiduring cardiacsurgery Neverthelessremifentanilis possibleto usesafelyin
patientsundergoingcardiacsurgery(Michelsen 2000).

Remifentanilhasonemajorsideeffect respiratorydepressiorfWoodset al., 1999). In fact,
dosedependentncreasesn analgesicefficacy and respiratorydepressiorare reportedby
Glasset al. (1993). Furthermore remifentanildecreasesneanarterial pressureand heart
rate by 20%. Myocardial contractibility and cardiacoutputmay alsodecreas€Sasadand
Smith, 2000). Kallar et al. (1994) reported that remifentanil causeddosedependent
reductionsn blood pressurendheartrate In the samestudy, remifentanilwasfoundto be
more effective than alfentanil in attenuatingthe responsegdo anaestheticand surgical
stimuli. Prakashet al. (2001) reportsincidentsof hypotensiorand bradycardiavhenusing

78



Chapter 4. Patients and Drug Pharmacology

remifentanilduringrigid bronchoscopyGlasset al. (1999b) reportsthatremifentanilin the
presencedf isoflurane resultedin a 10-40% decreasén SAP andsimilar changesn heart
rate They suggestthat bradycardiacould be preventedby pretreating patients with
glycopyrrolate

Lower valuesof blood pressurendheartratearereportedwith the useof remifentanilthan
with otheropioids suchas alfentaniland fentanyl (Natalini et al., 1999; Ng et al., 2000;

Peacockand Philip, 1999; Sneydet al., 1998). However the major difference between
remifentanilandotheropioidsis the smallerrecoverytime (Bekkeret al., 2000; Dershwitz
et al., 1995; Eganet al., 1996; Fleisheret al., 2001; Monk et al., 1994). Ahonenet al.

(2000) reportsthatthe timesto awakeningandtrachealextubationwheremorepredictable
in patientsreceiving remifentanilcomparedwith patientsreceiving alfentanil Loop and
Priebe (2000) studied the recovery after anaesthesiavith remifentanil combined with

different anaestheticsThey concludedthat the use of remifentanilwas characterizedy

predictably rapid early and complete recovery with all the anaestheticsstudied (i.e.

propofol desfluraneandsevoflurang

Remifentanil has also been reported by its sedativeeffects Sneyd (1999) statesthat
monitored anaesthesiaare sedationwith remifentanil is an effective techniquewhich
worked reasonablywell in clinical trials. However this is not the primary action of the
opioid andshouldbe consideredsa sideeffect

Remifentanilis also usedas a sole agenf when only analgesiais required Blair et al.
(2001) usesremifentanilin a patientcontrolledanalgesiasystemfor labour. Litman (2000)
also used remifentanil for conscious sedation during painful medical procedures
Remifentanilsafelyprovidesanalgesia

Glasset al. (1999a) usedventilatory depressionas the measureof opioid effect when
determiningthe potencyof remifentanil They concludedhatremifentanilis approximately
40 times more potent than alfentanil when remifentanil and alfentanil whole-blood
concentrationare compared In fact, remifentanilis also more potentthan fentanyl and
sufentanil

Remifentanilis not only usedin combinationwith propofol Severalstudieshave been
published using different anaestheticsDrover and Lemmens(1998), and Monk et al.
(1994) usedremifentanilasa supplemento nitrousoxide (a volatile anaesthetigvith good
analgesicpropertie¥ anaesthesiaCasatiet al. (1999) usedmidazolam(i.v. anaesthetic
with remifentani) although this is not a commoncombination sincemidazolamis mainly
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usedasa sedativefor minor surgeriesasa premedicatioror to inducegeneralanaesthesia
Remifentanilhasalso beenusedas a supplemento isofluraneanaesthesiéBekkeret al.,
2000; Glasset al., 1999b; Maguireet al., 2001).

Accordingto Eganet al. (1993) the potentialadvantage®f an ultra-short acting opioid,
suchasremifentani] are

» Theability to rapidly decreas¢hedrugeffectto anappropriatdevelintraoperatively
» adecreasetikelihood of undesirablepioid sideeffectspostoperatively

« thelack of drugaccumulatiorwith repeatedolusinjectionsor prolonged.v. infusion,
« theabsencef a prolongedmetabolismwith hepaticor renaldisease

Thetheoreticadisadvantagemclude

e Thenecessityfor administratiorby infusiontechniques
« thelack of prolongedopioid effectwhensucheffectsaredesirablge.g. postoperative
analgesin

4.4.1 Phar macokinetic M odel

Remifentanil pharmacokineticshave been investigated following bolus doses and
continuous infusions A threecompartmentmodel (Figure 4-2) best describesthe
pharmacokineticef remifentani) reflectingmore closelythe drug metabolismin the body
(Eganet al., 1996; Glasset al., 19993, b; Mertenset al., 1999; Minto et al., 19973, b).

The pharmacokinetiparametersisedin this projectfor remifentanilarepresentedn Table
4-3 andwereusedby Eganet al. (1993).

Table4-3: Pharmacokinetiparameter$or remifentanildescribedy Eganet al., (1993) reflectingthe
threecompartmenpatientmodel

Ve (kg™) kio (Min™) k2 Min™) kiz (min™) kog (Min™) ka1 (min™t)

0.0899 0.3955 0.3234 0.0222 0.1468 0.0155

The striking feature of the pharmacokineticof remifentanilis the very rapid decayin
remifentanilblood concentratiorafter terminationof an infusion Therefore remifentanil
presentsa new pharmacokineticclass of opioids Remifentanil has a contextsensitive
half-time plateausof 3-4 minutesin humansandits effectsarefully reversibleby naloxone
antagonism{Dershwitzet al., 1995).
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The calculationsin Equations4-1 to 4-7 have also beenusedfor remifentani) sincethe
samestructureof athreecompartmentamodelwasused

4.4.2 Effect Compartment

Even for remifentani] which has a rapid effect site equilibration thereis a small but
appreciablebenefitfrom targetingthe effectsite (Bovill, 2000). The peakeffectof thedrug
occurs within 1-3 minutes The offset is rapid and predictable even after prolonged
infusions

The pharmacodynamiparameterkeg for remifentanilwas set by Vuyk et al. (1997) as
being 0.9242 min~. Theseresearchersisedthe samepharmacokinetipparametersas in
Table4-3. Thevalueof kg = 0.9242 min~ will be usedthroughouthis project

4.4.3 Effect of Remifentanil on the DOA Indicators

Remifentanil possessesninimal hypnotic or sedativeactivity. It producesEEG effects
similar to thoseof the other opioids i.e. high-amplitudeandlow frequencyactivity. The
remifentanileffectson the AEP andBIS havebeenstudiedby severakesearchesA review
of thisresultswill be presentedhext

The addition of remifentanilto anaestheticaffectsthe CNS signalsin the presenceof a
painful stimulus Crabbet al. (1996) studiedthe effectof remifentanilon the AEP andSEP
during isoflurane anaesthesiaPa amplitude correlatedinversely with remifentanil blood
concentrationbeforeandafterintubationandincision

Guignardet al. (2000) studiedthe effect of remifentanilon the BIS change(ABIS) and

haemodynamicesponseso orotrachealintubation Remifentanilattenuatecr abolished
increasesn BIS afterintubationin a dosedependentashion Significantreductionof ABIS

wasreported They concludedhat ABIS wasassensitiveaschangesn the haemodynamic
variables after a painful stimulus to detect a deficit in the analgesiccomponentof

anaesthesia

The effectof the combinationof opioidsandhypnoticson BIS wasalsostudiedby Strachan
and Edwards(2000). They combineddifferentinfusion dosesof remifentanilwith a steady
infusion of propofol It was shownthat BIS was reducedby increasinginfusion ratesof
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remifentani] and that therewas a strong correlationbetweenBIS and sedationwith this
combinationof drugs Therewas clearly a doserelatedeffect of remifentanilupon BIS,
which suggestshatopioidsreduceBlS whencombinedwith propofol

Lysakowskiet al. (2001) studiedthe effect of severalopioids (including remifentani) on

thelossof consciousnesandBIS during propofolinductionof anaesthesidal he effectsite

concentration®f propofol requiredfor loss of consciousnesdependon the simultaneous
administrationof opioids They concludedthat remifentani] whenaddedto propofol did

not affect BIS beforestimulation However therewas a significantdecreasen BIS value

afterintubation

The AEP reflect the balancebetweenCNS depressioncausedby anaesthetidrugsand
arousalcausedyy surgicalstimulus McGregoret al. (1998) reportedthat remifentanilwas
able to abolishthe responsédo laryngoscopy intubationor incision as measuredy the
AEP. Thisis themaincharacteristiof a potentanalgesidike remifentanil

Remifentanilhas a greatereffect on the haemodynamigarametercomparedwith other
opioids Howie et al. (2001) comparedthe use of fentanyl with remifentanil in an
isoflurandpropofol regimen They reportedthat remifentanilstudy group hadlower values
of HR andMAP thanthe fentanylstudygroup In fact, HR waskept below baselinefrom

inductionuntil the endof the remifentanilinfusion, while in the fentanylgrouptherewere
significantvaluesabovethe baseling the samewasalsotrue for MAP. Cafieroet al. (2000)

alsoevaluatedhe effectsof remifentanilversusfentanylon the haemodynamicesponseo

orotrachealintubation Significant decreasesn SAP at induction and 4 minutes after
intubation were recordedin the remifentanil group while significant increaseswere
recordedn the fentanylgroup HR decreasedignificantly at inductionin the remifentanil
group while therewas an increasein the fentanyl group The valuesof HR were kept
below or on the baselinein the remifentanilgroupswhile in the fentanyl groups HR is

alwaysabovethebaseline

Kallar et al. (1994) comparedremifentanil with alfentanil for outpatientsurgery They
reportedthat remifentanil causeddosedependentreductionin HR and blood pressure
Theseresults are supportedby Crabb et al. (1996). They also reported doserelated
decreasen SAP, DAP and HR after administrationof remifentanil In anotherstudy by
Thompsonet al. (1998) it was observedhat when using remifentanilblood pressureand
HR neverwentabovebaseline For example MAP increasedsignificantly after intubation
but in the remifentanil groups this increasewas quantitatively less than with other
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analgesicainddid notexceedhe pre-inductionvalues

In conclusion when addedto a hypnotic an opioid preventsthe somaticand autonomic
responseo noxiousstimulus Remifentanilhasa depressiveffecton HR, blood pressure
and on the AEP and BIS. This is due to the potency of remifentani] i.e. its
pharmacodynamicharacteristicsLower valuesof all variablesare reportedwhen using
remifentanilcomparedwith other opioids Therefore the rangeof expectedvalue during
anaesthesias changedwhen using remifentanil Special care is necessaryto avoid
bradycardiaand hypotensionIn addition remifentanildepressedhe AEP, indicatingthat
deepelevelsof anaesthesiwill bereachedLossof consciousnesss achievedasterwhen

remifentanilis used

4.5 Drug Interactions

Generalanaesthesian the basisof a singleagentis associatedvith significantsideeffects
compromisinghaemodynami@ndor respiratoryfunction, reducingoperatingconditions
or postponingpostoperativerecovery Another therapeuticadvantageof combining an
anaesthetigvith an analgesids to achievethe analgesiccomponenpf anaesthesidor an
hypnotic to be able to provide pain relief it hasto be administeredat a very high
concentrationwhich canbe dangerougor the patient Furthermoregeneralnaesthesis a
processrequiring a state of unconsciousnessf the brain If only unconsciousness
achieveda noxiousstimuluswill causearousalawakeningasa resultof the intensityof the
stimulus The analgesics usedto preventarousal inhibiting the noxious stimulus from
reachingthebrain (Glass 1998).

Oneof the major concernswhenusinga combinationof drugsis the possibleinteractions
betweenthem Interactionsare generally describedas being synergisticor antagonistic
Accordingto Berenbaun{1989), synergymeans'working togethet andantagonismmeans
“working againsteachother’, andthesetermsimply the existenceof someintermediate
zercinteractivestatein which agentsdo neitherof the above Formally, the combinationis
termed(da, dv) whereda anddy, arethe dosegor concentrationsof the two drugsA andB,
respectively The effectis treatedasa mathematicafunction E; thus E(da,dp) is the effect
of the combination E is expresse@sa fractionaleffect D, andDy, arethe dosesof A and
B separatelythat are isoeffectivewith the combination Commonly isobolesare usedfor
analysinginteractions Isobolesare iso-effect curves in which the combination(da, dy) is
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representedby a point on a graph the axesof which are the doseaxesof the individual
agents It is expectedthat if the agentsdo not interact the isobole joining the point
representinghe combinationto thoseon the doseaxesrepresentinglosessoeffectivewith
the combination(Da, and Dy) will be a straitline. Figure 4-4 showsthe isobolardiagram
presentinghedifferentinteractions

D, (D,- D)
Antagonism
B
Synergism L A ddition
0
0 PR
A

Figure4-4: Isobolardiagramfrom Berenbaun{1989). A andB aretwo differentdrugs
Da andDyp arethedosesf A andB separatelythatareisoeffectivewith the combination

The threedifferent classesof pharmacodynamimteractionsare definedas (Minto et al.,
2000; Vuyk, 2000):

 Zerointeractionor additiveinteraction the effectof the combinationof the two drugsis
exactlythe sumof the effectsof theindividual agentsthe two agentssimply providetheir
actionnextto oneanothemwithoutinfluence

 Synergisticor potentiation(theisobolebowstowardsthe origin): the effectof the
combinationis greaterthanthatexpectedasbasedn the concentratioreffectrelationships
of theindividual agents

« Antagonisticor infra-additive (theisobolebowsawayfrom the origin): the effectof the
combinationis lessthanthe sumof the effectsof theindividuals it couldevenbelessthan
thatof oneof its constituents

If the interactionis synergistic smalleramountsof both drugsare neededo producethe
drug effect whenadministeredogether On the otherhand if the interactionif antagonist
greateramountsof bothdrugsareneededo producethe effectwhenadministeredogether
This approach is used to describe pharmacodynamicdrug interactions while
pharmacokineticinteractionsare describedby the interactioninduced changeson the
pharmacokinetiparameters
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Pharmacokineticdrug interactions can be divided into interactionsthat occur during
absorption distribution or elimination According to Olkkola and Ahonen (2001),
pharmacodynamidnteractionsare far more common and have greater significancein
anaesthetic practice than pharmacokinetic interactions In fact, modern balanced
anaesthesigés basedon pharmacodynamimteractions they can be regardedas desirable
andthe variety of potentialpharmacodynamimteractionsis limitless Pharmacodynamic
variability is typically quite large reproducible andoften substantiallyexceedgherelative
magnitudeof pharmacokinetizariability (Levy, 1998).

The incidence of adversereactionsincreasesexponentially as the number of drugs
prescribedrises andthis is probablyat leastpartly causedby drug interactions(Olkkola
and Ahonen 2001). Chyka (2000) comparedthe numberof deathsattributedto adverse
drug reactionsby deathcertificatesand by the food anddrug administrations spontaneous
postmarketingsurveillancesystem(MedWatch), in orderto characterizenationalmortality
statisticsin the United Statesof Americain 1995. According to deathcertificates 206
deathswere attributedto adversedrug interactions whereasMedWatch tabulated6894
deaths Thesevalueswerefar belowwhatwasestimatedoy extrapolatiorfrom surveillance
programmeslt wasestimatedhatthe numberof deathsattributedto adversedrugreactions
could be ashigh as 200,000 deathsperyear. Of course thesenumbersare morerelatedto
normal patient medicationor emergenceprocedureshan to interactionsduring general
anaesthesiaHowever this study is a clear indicator of the importanceof defining drug
interactiondor the patients safety

In generalanaesthesiat is clinically importantto recognizethe pharmacokineticand
pharmacodynamicinteraction between propofol (hypnoti and the analgesic The
improved knowledge of these interactions can be used to optimize the quality of
intravenousanaesthesiandto developpracticalguidelinesfor optimaldrugdosing

Intravenousanaestheticagents affect each others distribution and elimination Vuyk

(1998) statesthat for propofol and the opioids the relationshipbetweendoseand blood

concentratiorchangesy approximatelyl0-20% dueto thesepharmacokinetienteractions
He concludeghat this small variability is unlikely to be recognizabléen clinical practice

since the interindividual pharmacokinetiovariability of simple agentsis on the order of

70-80% and interindividual pharmacodynamicvariability is 300-400%. The large
pharmacodynamigariability meansthat suchinteractionsare of muchgreaterimportance
from aclinical point of view comparedvith pharmacokinetiinteractions

The hypnotic should be administeredto concentrationswhich at a minimum, equalthe
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concentratiorproducinglossof consciousnesd o inhibit somaticandautonomicresponses
to noxious stimuli of surgery an opiate should be added thereby lowering the
concentratiorof the hypnotic However a ceiling effecton the reductionof the hypnoticby
the opioid is reachedthus showingthat opioidscannotbe usedasa sole anaesthetiagent
(Glass 1998).

The pharmacodynamimteractionbetweerpropofolandthe syntheticopioidsis synergistic
(Vuyk, 1997, 1999). The pharmacodynamisynergistidnteractionstrengthenshe actionof

both agentsevenmore The optimal propofol concentrations affectedby the choice of

opioid. The longer acting the opioid is, the lower the concentratiorof opioid one should
providein the presencef equivalentigherpropofolconcentration

Vuyk et al. (1997) evaluatedheimplication of opioid selectionanddurationof infusionon

the rate of recoveryfor combinationwith propofol With a longer infusion duration the
optimal targetpropofol concentratiorincreasesvhen combinedwith alfentani| sufentanil
and fentany| but decreasesvhen combinedwith remifentanil Longerinfusionsincrease
the time to awakeningafter termination of the infusion more for the combination of

propofol with alfentani| sufentanilandfentany| thanfor the combinationof propofol and
remifentani] due to a rapid recoveryfrom effects of remifentaniland the possibility of

usinglower targetpropofolconcentrations

Fentanyl and alfentanil have been shown to decreasethe propofol requirementsfor
inductionandmaintenancef anaesthesim a synergistiomanner(Smithet al., 1994; Vuyk

et al., 1993, 1995, 1996). For both theseanalgesicghe magnitudeof the interactionwith

propofolincreasesvith the strengthof the stimulus The concavityof theisobolefor lossof

eyelashreflex and consciousness: skin incision < intraabdominalsurgery The major
pharmacodynamidifferencesbetweentheseopioids are potencyandrate of equilibration
betweenthe plasmaandthe site of drug effect The half-time of equilibrationbetweenthe
effect site and the plasmafor fentanylis 5-6 minutes(sameas for sufentani) and for
alfentanilis of 1.5 minutes For the three opioids fentany| sufentaniland alfentani| the
time requiredfor recoveryincreasewith the durationof the infusion (Shaferand VVarbel

1991). However the decayin the effectsite remifentanilconcentrations muchsteepethan
that of the other opioids and that of propofol Remifentanilalso affects propofol in a
synergistiomanner(Mertenset al., 2001).

The optimal propofol concentrationis much lower when combinedwith remifentanil
comparedwith the otherthreeopioids Whereagshe optimal propofol concentrationrwhen
combinedwith alfentanilis in the orderof 3.5 ug/ml, whencombinedwith remifentanilthe
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optimal propofol concentrationis in the order of 2.5 ug/ml. For a infusion duration of
15-600 minutesthe contextsensitivehalf times of the opioids decreasan the order of
fentanyl > alfentanil > sufentanil >> remifentanil Therefore the optimal propofol
concentratiordecrease# the order of fentanyl> alfentanil> sufentanil>> remifentanil
(Vuyk, 2000).

For all concentrationcombinationsof propofol and remifentanil and all durations of
infusion recovery after propofolremifentanil anaesthesias much faster than when
propofolis combinedwith oneof the otheropioidsat equipotentloseqVuyk et al., 1997).

Vuyk (1999) givesthefollowing guidelines

« fentanylshouldbe combinedwith arelatively high propofoldosage
« alfentanilandsufentanilwith anintermediatgpropofoldosage
« remifentanilin arelatively high concentrationshouldbe combinedwith alow propofol

infusionregimen

Recovery after prolonged infusion is rapid even at suboptimal propofolremifentanil
concentrationsReturn of consciousnessifter propofofremifentanil anaesthesias much
more causedby the decreasén the effect site concentrationof the opioid than that of
propofol since the effect site propofol concentrationdrops much slower than that of
remifentanil The 60% decrementurve of remifentanilruns more or less parallel to the
25% decaycurveof propofol (Vuyk, 2000).

The pharmacodynamidnteraction between propofol and remifentanil as measuredby
effectson BIS, was analysedoy Ropckeet al. (2001), usinga BIS of 50 asa measureof
“adequaté DOA. They concludedthat the two drugs have a synergistic interactionfor
maintenancef a BIS valuebetween5 and55 during surgery This wastrue, regardles®f
whetherconcentrationsr infusionrateswereusedasmodelinput

Minto et al. (2000) suggestedthe use of a responsesurface model for anaesthetic
interactions The model is basedon the assumptionthat there is a sigmoid relationship
betweerthe effectanddrug concentratiorat the site of action Theresponseurfacemodel
considersany ratio of two drugs given simultaneouslyas behavingas a new drug This
modelis empiricaland only assumeghat the concentratiorresponseelation for eachof
the interactingdrugsis describedby a pharmacodynamienodel They apply the model
usingdatafrom a studyof the interactionof midazolam propofol andalfentanilwith loss
of consciousnesd his is a recentand new approachin this researchareaandthe work is
still under development They proposeto apply this model to a control systemin
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anaesthesia

Propofol also interactswith inhalational analgesicdike nitrous oxide. Davidsonet al.
(1993) reportedthat nitrous oxide reducedthe blood propofol concentratiorat which 50%
of patientsmovedby approximately30%. In fact, propofol hasa synergisticrelationwith
othersedativeagentsandnotjust the syntheticopioids(Vuyk, 1998).

4.6 Simultaneous Administration of Propofol and Remifentanil

In the recentyears generalanaesthesiavith propofol and remifentanilhasbecomemore
popular Becauseof its pharmacokineticharacteristicsremifentani| a shortactingopioid
agonist may be the ideal opioid to usein combinationwith propofol for continuousi.v.
administrationOlivier et al., 2000).

The use of this combinationof drugs hasbeenreportedas efficacious(Bagshaw 1999;

Domaingue 2001; Grundmannet al., 2001; Kulkarni, 2000; Lehmannet al., 1999;

Rowbothamet al., 1998). The studieson anaesthetiarug interactionsshowedthat the
optimal propofol concentratiordecreasemoresignificantly with remifentanilascompared
with otheropioidsandrecoveryis muchfasterthanwhenpropofolis combinedwith other
opioids Forthisreasonremifentanilhasspecificadvantagesverthe otheropioids

Holaset al. (1999) studiedthe useof remifentani] propofol or both for conscioussedation
during eye surgery under regional anaesthesiaThe goal was a sedationlevel at which
patientswere calm and comfortablebut obeyedvocal commandsiuring the entire surgical
procedure When total anaesthesi# not consideredhe drug requirementsare different
However they concludedthat the combinationof propofol and remifentani| provideda
smooth haemodynamicprofile and lacked untoward effects Therefore a continuous
infusion of remifentanilwith propofol seemdo be a usefulandcosteffectivetechniquefor
conscioussedatiornunderregionalanaesthesié&mithet al. (1997) alsocomparedhe useof
propofol versusremifentanilfor monitoredanaesthesiaare However the propofol group
lackedanalgesiandthe remifentanilgroupofferedalow sedatiorlevel andwasassociated
with greatemrespiratorydepressionA combinationof bothdrugsseemdo bepreferable

Olivier et al. (2000) useda continuousinfusion of remifentanilanda TCI of propofol for
patientsundergoingcardiacsurgery This combinationresultedin haemodynamistability
and good postoperativeanalgesiaThe optimal infusion rate of propofol when combined
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with remifentanilis lessthanthat normally usedfor maintenancef anaesthesiwith other
opioids The major impetus for low-dose propofol administrationis decreasingthe
haemodynamieffectsof this drug (Hogueet al., 1996). This techniqueallowedphysicians
to schedule the time of extubation in patients undergoing cardiac anaesthesia
Intraoperativelow-dose propofol associatedvith high-dose remifentanil should promote
rapid awakeningasa resultof the short contextsensitivehalf-time of thesedrugs(Vuyk,
1997).

The use of this drug combinationwas also studiedfor elective noncardiac surgery by
Pelosiet al. (1999). When combinedwith propofol remifentanileffectively providedfor
profound analgesiaduring surgery stable anaestheticconditions simplicity of use and
predictablerecovery They concludedthat, for an adequatdevel of anaesthesidow doses
of propofol are adequatef combinedwith remifentanilin a high doserange (0.25-0.5
ug/kg/min) accordingto noxious stimulation if signs of light anaesthesiare recorded
remifentanilrescuecould bethefirst choicesolution

Duceet al. (2000) evaluatedhe combinationof propofol andremifentanilfor shortpainful
proceduresn children Both drugsweregivenin bolusinjection This techniquewasfound
simple effectiveandpredictablefor proceduredastinglessthan 10 minutes Propofoland
remifentanil are a simple alternative to inhalational anaesthesiafor short painful
procedures Inhalational agentsare associatedwvith postoperativenausea vomiting and
agitation The techniquewith propofol and remifentanil has a low incidenceof these
sideeffects Anotherstudyin paediatricpatientcanbe foundin Grundmanret al. (1998).
They comparedTIVA with propofol and remifentanil versusa desfluranenitrous oxide
inhalationalanaesthesial hey demonstratedhat a combinationof remifentanilpropofolis
suitablefor children It is a well-toleratedanaesthesianethod which can provide rapid
smoothinduction of anaesthesjantraoperativehaemodynamictability, a fast emergence
anda shortpostoperativeecoveryperiod Keidanet al. (2001) studiedthe effectof adding
remifentanilto propofol anaesthesian children Remifentanilresultedin: a lower total
amountof propofolto preventpatientmovementa lower time intervalto eyeopening an
improvementin the conditionsduring the procedure fewer movementsn responseo the
insertion of the aspiration needle and required significant fewer additional doses of
propofot anda significantlyhigherdecreasén HR.

Thereareseveraktudiesevaluatingthe effectsof this combinationof drugsasmeasuredy
the BIS. Hoymork et al. (2001) evaluatedthe accuracyof TCI systemsfor propofol and
remifentanilin a clinical surgicalsetting with thesetwo drugsasthe only anaestheticased
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for hypnosisandanalgesiaBIS wasnot sensitiveenoughfor evaluatingdrug effectsto pick
out patientswith deviatingdrug concentratiorat the deeplevel of anaesthesialherewas
no correlationbetweemmeasureglasmaconcentrationgndBIS, for both drugs The same
conclusionwasreachedn a previousstudy when measuringserumdrug levels (Hoymork
et al., 1999). BIS registrationwasnot ableto pick-out patientswith highly deviatingserum
levelsfrom the others OtherresearchersuchasFinianoset al. (1999a, b) andHanset al.

(2000), concludedthat BIS measuredthe level of sedationand did not correlatewith

effectsite concentrationsf the hypnoticpropofol Thisis not surprising sinceremifentanil
potentiates propofol and the level of unconsciousnesss different when different
concentrationsf remifentanilareusedwith the sameconcentratiorof propofol

Philip et al. (1997) comparedremifentanil with alfentanil for ambulatorysurgeryusing
propofolfor TIVA. Remifentanilusedwith propofolwaseffectiveasthe primary opioid in
TIVA. In this study, remifentanil provided better intraoperativehaemodynamicstability
thanalfentanil becauseaemifentanilwasdosedto higherlevelsof opioid. For ambulatory
patients shortactingdrugsareneededor TIVA soasnotto delayrecovery

O'Hare et al. (2001) examinedrecovery with the use of remifentanil to supplement
anaesthesimaintainedwith different preselectedargetplasmaconcentration®f propofol
The results showedthat adequateanaesthesiaould be maintainedby using different
proportionsof the hypnoticandthe opioid. It wasalsoevidentthatthe useof a shortacting
opioid, whengiven at a higherdoseresultsin a morerapid, early recovery Regardles®f
the durationof infusion the decreasen remifentanil plasmaconcentratiorto 50% hasa
time of 3.6 minutes This characteristicallows uncomplicatedchangesin infusion rates
with rapid effect makingremifentanilanideal adjunctivefor i.v. anaesthesia heseresults
arealsosupportedy Papilaset al. (1999).

Theinteractionof the remifentaniland propofol dosesrequiredto preventpatientresponse
during surgerywas studiedin patientsundergoingarthroscopicsurgery with a median

anaesthesialuration of 1 hour by Peacockand Philip (1999). They concludedthat

remifentanilcanbe administeredn comparativelylargerdosesasthe opioid componenbf

ambulatoryanaesthesjavhich will reducepatients response$o surgerybut will not delay
recovery Remifentanilis also appropriateto usefor patientsor procedureghat requirea

brief, variable or rapidly terminatingintenseopioid effect

Spaceprohibits mentioningall other researche this areabut the following are worth
mentioning Doyle et al., 2001; Fragenand Fitzgerald 2000; Haughtonet al., 1999;
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Kazmaieret al., 2000; Milne andKenny, 1999; Peacoclet al., 1998; Twerskyet al., 2000.

4.7 Summary

Generalanaesthesiwith intravenougdrugs is gainingincreasingacceptancéecausef the
availability of shortacting hypnoticsand opioids and improved infusion systems With
TIVA, the analgesicand hypnoticcomponent®f anaesthesiaan be titrated separatelyto
control DOA despitechangingsurgicalstimulus

The hypnotic propofol is the most suitable intravenousanaestheticagent and it is
frequentlyusedin combinationwith syntheticopioids Theintroductionof remifentani| an
ultra shortacting opioid with a rapid onsetand offset of action leadsto more stable
operatingconditions Remifentanilpotentiateghe effectsof propofol i.e. a decreasén the
haemodynamigarametersand depressionof the CNS which is reflectedin the AEP.

Therefore whencombinedwith remifentanilthe adequatgropofol concentrations largely
reduced The use of remifentanil provides a faster recovery without side effects (e.g.

nausey enhancinghe quality of anaesthesidDue to its potency remifentanilprovidesan
adequatanalgesiandwasprovedto be suitablefor varioustypesof surgery from cardiac
surgeryto shortinterventionsneedingonly regionalanaesthesjan adultsor in children

The combinationof propofolandremifentanilis becomingmore popularwith anaesthetists
However the studyof the pharmacodynamimteractionof thesetwo drugsis necessargo
as to assurean adequateDOA level and pain relief. Remifentanil has a synergistic
interactionwith propofol andthis canbe usedto an advantagewhich is titrating propofol
to lower infusion rates and speedingup recovery However special care is necessary
becausef propofolis usedto achievehigh concentrationsthe simultaneousdministration
of remifentanil will increasedrastically propofol side effects leading to situations of
bradycardiaor hypotension It is of major importanceto considerthe pharmacodynamic
interactionof thetwo drugs

Drug interactionscan interfere with the anaestheticconditions and patient safety The
anaesthetisshould be aware of theseinteractionsand use this information to combine
properlytheinfusiondosesof bothdrugs

Generalanaesthesigechniquescould take advantageof the pharmacodynamimteraction
betweenthe hypnoticandthe opioid to determinethe optimal infusion profiles controlling
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the amount of drug administered based on the level of DOA, and also on the
haemodynamiparametersTheseparametergan be usedto obtainsimulationmodelsfor
the effectsof the drug combination(propofolremifentani). The modellingof the patients
vital signs basedon the interactionof thesedrugswill be discussedn the nextchapterIn
addition effectconcentrationsvill be usedto modelthe effectof the two drugs The effect
concentratiorgovernsthe drug effects sinceit is in the effect site that the drug exertsits
action
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5.1 Introduction

A patient model is necessaryto constructand test a closedloop control systemin
anaesthesiprior to anytransferof the designto the operatingtheatre In Chapter3, a fuzzy
relationalclassifier(FRC) for depthof anaesthesi@OA) waspresentedThe FRC usesa
setof waveletextractedauditory evokedpotentials(AEP) features andthe cardiovascular
parameterghangeof heartrate (AHR) and changeof systolicarterial pressur§dASAP), to
classifyDOA into five differentlevels This setof parameterss consideredo be the effect
of the combinationof thetwo drugsused(i.e. propofolandremifentani) andof the surgical
stimulus

The next stepis to model the AHR, ASAP and the AEP featuresusing the drug effect
concentrationandthe surgicalstimuluslevel. Theeffectconcentrationsrreobtainedusing
the pharmacokineticcompartmentalmodels combinedwith an effect compartment as
explainedin Chapter4. The objectiveof this exerciseis to modelthe pharmacodynamic
propertieof bothdrugsandtheinteractiondetweerthem

Overall the patientmodel includesthe pharmacokineticcompartmentaimodelsof both
drugs and a pharmacodynamienodel constitutedby the effect compartmentand by a
model describing the relationship betweenthe effect concentrationsand the different
effects Furthermorethe patientmodelis different consideringthe two main phasesof a
surgicalprocedurei.e. inductionandmaintenancef anaesthesid hesetwo phasegpresent
different characteristicsnot just in the amountof drug used but also in the degreeof
stimulus The absenceof stimulusin the induction phase(exceptintubation affectsthe
pharmacodynamidnteraction between propofol and remifentanil (Chapter 4). In the
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maintenancehase the surgicalstimulusis a continuousevent from incision until suture
with differentdegree®f intensity.

Theinductionphasewasconsideredo betheinitial 1500 secondg25 minute9, whenthe
patientis still in the anaestheticoom The maintenancghasewas consideredo be from
1500 secondgassuminghatthe patientis stableandis alreadyin the operatingroom) until
theinfusion of propofol stopsandrecoverybegins In this project the recoveryphasds not
consideregdsincethe majorobjectiveis the control of DOA usinga combinationof the two
drugs In the recoveryphase the infusion of both drugsis usually stoppedandthereis no
control however this drugcombinationis notoriousfor providingarapidrecovery

This chapter presentsthe different pharmacodynamianodels for the induction and
maintenance phase considering AHR, ASAP and the AEP features The effect
concentration®of the two drugs are usedto model the pharmacodynamiinteraction of
remifentanil and propofol on the cardiovascularparametersand on the AEP. Fuzzy
TakagiSugeneKang (TSK) modelsare usedin the maintenancehase which aretrained
using the Adaptive NetworkBased Fuzzy Inference System (ANFIS). In addition a
stimulusmodelis usedto establisithe effectsof the surgicalstimuluson the cardiovascular
parametersaccordingto the level of analgesiaThis stimulusmodelis constructednto a
Mamdanitype fuzzy mode| usingthe anaesthetistnowledgedescribedoy fuzzy IF-THEN
rules

The hybrid patient model is constructedusing the data from one surgical intervention
(patientPatl). This modelrepresents typical procedureusingthe combinationof propofol
andremifentanil The limited amountof dataavailable restrictsthe choiceof modelsand
the possibility of awider generalization

5.2 Patient Data

The datafrom patient Patl were usedto obtain the pharmacodynamigatient models
Thesedatawere gatheredduring a surgicalprocedurdasting 9685 secondsapproximately
2 hours 41 minutesand 25 secondsThe infusion profiles of both drugswere determined
by the anaesthetistaccordingto his experienceand the nature of the surgical stimulus
presenttthetime. Figure5-1 showstheinfusionprofilesfor propofolandremifentanil
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Figure5-1: Remifentanilandpropofolinfusionrateprofilesusedin the surgicalprocedureof patient
Patl.
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Figure5-2: Propofolplasma(Cp) andeffect(Ce) concentrationsbtainedrom theinfusionprofile used
in thesurgicalprocedureof patientPat1 (Figure5-1).

The plasmaconcentratiorof both drugswasobtainedusingtheinfusionratesin Figure5-1
and the pharmacokineticcompartmentaimodels describedin Chapter4, with the mean
populationpharmacokinetiparametersThe effect compartmentvas usedto establishthe
effect concentration of propofol and remifentani] using the parameterkeg. The
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pharmacokinetic interactions of the two drugs were not studied Therefore the
concentration®f propofol andremifentanilare determinedseparatelyFigures5-2 and5-3
showthe plasmaandeffectconcentrationgor propofolandremifentani) respectively
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Figure5-3: Remifentanilplasma(Cp) andeffect(Ce) concentrationsbtainedrom theinfusion profile
usedin the surgicalprocedureof patientPatl (Figure5-1).
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Figure5-4: CardiovasculaparametersASAPandAHR, recordedduringthe surgicalprocedureof
patientPatl.
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The effect concentration®f remifentaniland propofol will be usedto modelthe effect of

both drugson the cardiovasculaparameterSASAP and AHR and on the AEP features

Figure 5-4 showsthe parameterdASAP and AHR recordedduring the surgicalprocedure

with patientPat1l. The SAPandHR baselinesvere 130 mmHgand90 bpmrespectively
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Figure5-7: AEP featureDsp.
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Figure5-9: AEP featureD3.
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The ten waveletextractedAEP features Ds, Ds;, Dsp, Da, D3, D31, Dsz, D33, D2 and
D1, wereobtainedfrom the AEP sweepsecorded204 sweepsn total) duringthe surgical
procedure and are presentedn Figures5-5 to 5-14. Analysing the figures the different
characteristicof the several AEP featuresare clear, they representdifferent frequency
bandsand carry different information However someof them presenta similar profile,

speciallywhencomparingthelow frequencycomponentso the high frequencye.g. D, and
D1 with Ds andDag.

The DOA profile for patient Patl is presentedin Figure 5-15, as classified by the
anaesthetistluring the intervention This is basedon the anaesthetisexperienceand the
observectlinical signs

The data gatheredin the operatingtheatreare usedto model the different parameters
consideringheinductionandmaintenanc@haseof anaesthesid he datafrom patientPat1
are usedto train and test the different pharmacodynamienodels presentedn the next
sections The final patient model describesa typical surgical intervention with the
combinationof propofol and remifentanil This model will be usedin Chapter6, to
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substitutethe patientwhensimulatinga closedloop control systemfor DOA.
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Figure5-15: Depthof anaesthesiéDOA) asclassifiedby the anaesthetistor PatientPat1.

5.3 Induction-Phase M odel

The surgical procedureis divided into induction and maintenanceghases The induction
phasewasestablishedsbeingthefirst 1500 secondg25 minuteg of thewhole procedure
Thisis usuallythetime spendby the patientin the anaestheticoom, wheretheinductionof
anaesthesiandtheintubationof the patienttakesplace

During induction of anaesthesjanigh effect concentration®f the hypnoticaretargeted A
rapid intravenoudolusinjectionor a continuousnfusion of a high dosefor a limited short
time areusuallyused Depthof anaesthesiancreasesapidly causinglossof consciousness
andthendecreaseasthe hypnoticconcentratiordeclines

The rapidly changingconcentrationsluring induction causea correspondindluctuationin
the degreeof CNS depressionThe CNS depressioniags behindthe plasmaconcentration
representedoy hyteresison curves plotting the effect againstthe concentrations The
nonsteadystateconditionsproducedy rapidadministratiorof a drug makeassessmeraf
the relationshipof the drug concentratiorand DOA difficult, if not impossible(Stanskj
1994).

The AEP latencyappearsrraticat the inductionof anaesthesjaincethe calibrationof the
AEP waveformin anawakepatientis difficult in thetime availablein theanaestheticoom
In addition theincreasean latencyatinductionof anaesthesis followed by a decreaselue
to intubationof the trachea which causesa stressresponsemanifestedoy an increasein
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blood pressureandadecreasén latency(Allen andSmith, 2001).

The AEP signalis not normally usedfor the monitoring of DOA during the induction of
anaesthesiaHowever immediatelyafter induction of anaesthesiand trachealintubation
the AEP display a characteristicpattern (Thornton et al., 1989a). The AEP features
displayedin Figures5-5 to 5-8 (the high frequencycomponents show the discrepancy
betweenthe valuesat inductionand during maintenancef anaesthesid-or thesereasons
the AEP will notbeusedduringtheinductionphase The patientmodelwill only reflectthe
changesn SAPandHR duringthis phase

Induction agents such as propofol show a much strongerinteraction with opioids for
suppressiomf responsemtraoperatively comparedvith the minor interactionseenduring
the induction of anaesthesi@vuyk, 1998). In addition severalresearcherstatedthat the
influence of remifentanilon the haemodynami@arametersluring the induction phaseis
reflectedon the responseo intubation the only strongstimulusduring induction (Cafiero
et al., 2000; Casatiet al., 2001; Grewaland Samsoon2001; Jooet al., 2001; McGregoret
al., 1998; Songet al., 1999).

Significanthaemodynamichangesare associatedo trachealintubation This responses
attenuatedy the useof opioids suchasremifentanil(Alexanderet al., 1999a; Lee et al.,
2001). The effect of different dosesof remifentanil on the cardiovascularesponseto
intubation hasbeenthe focusof severalresearche¢Grantet al., 1998; Hall et al., 2000).
Remifentanil prevents the movementand the increasesin haemodynamicvariables
associatedvith intubationis a concentratiordependentashion Remifentanilhasa more
significantreductionin the increasef MAP andHR after intubationcomparedo other
opioids(Guignardet al., 2000; Thompsoret al., 1998).

The induction phase patient model is presentedin Figure 5-16, including the
pharmacokineti@and pharmacodynamimodels Section5.3.1 showshow ASAP andAHR
can be modelledusing the propofol effect concentrationand Section5.3.2 presentshe
effectof intubationon the cardiovasculaparameterandthe actionof remifentanil
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Figure5-16: Block diagramof theinductionphasemodel Prop_Cp andRemi_Cp aretheplasma
concentrationsf propofolandremifentani) respectivelywheread’rop_Ce andRemi_Ce arethe effect
concentrations

5.3.1 Cardiovascular Parameters

The cardiovasculaparametersASAP and AHR were modelledusing a set of datafrom
patientPatl. The datasetusedis presentedn Figure5-17 andrepresentshe time period
from 2018 secondgo 6576 secondqtermedGroupl). During this time, the remifentanil
infusionrateandeffectconcentratiorwere constantgFigures5-1 and5-3). Therefore only
the effectof the changesn propofolinfusionrateareconsidered

Propofol Influence (Group 1)
0.4 T T T T T T

Propofol Infusion Rate

0
2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000

Time (%)
5000 T T T T T T
_ 4000 4
E
2
3000 oA
Propofol Effect Concentration
2000 I 1 1 1 I 1 1 L 1
2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000
Time (5)

Figure5-17: Propofolinfusionrateandeffectconcentrationof thetime periodin Groupl.

A Hill equationmodel(describedby Sheineret al. (1979)) wasusedto modeltheinfluence
of propofolon ASAPandAHR. TheHill equationusedis of theform:
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- Ce )
Effect = Emax e 5-1
whereEmax, @ and Cpso are constantsCe is the propofol effect concentrationand Effect
representaASAPor AHR.

The Nonlinear Control Design (NCD) MATLAB Toolbox was used to optimize the
parameterof Equation5-1. The NCD is a time-domairtbaseoptimization approachto
systemdesign It automaticallyconvertstime-domain constraintsand time responsesnto
an optimization problem and then solvesthe problem using a gradientmethodwith a
modified line-search algorithm Successive simulations and sequence quadratic
programmingsolve the optimization problem Monte Carlo methodscan also be usedto
increasehesystenrobustness

The differencebetweerthe Hill equationvalueandthe actualeffect(ASAP or AHR) during
thetime periodof the datasetwasusedasthe signalto be constraintto a minimum (ideally
zerg. The parameter&may, @ andCpso wereautomaticallytunedbasedon the performance
constraint Severakimulationswere performedwith differentinitial values uncertaintyand
error margins so asto obtainthe bestapproximationto the valuesof ASAP and AHR of
patientPatl1, usingthe specifieddataset(Groupl, Figure5-17).

5.3.1.1 Systolic Arterial Pressure

After severalinteractive optimizations the NCD allowed the following valuesto be

obtained
Emax = —69 61
o =3.18
Cpso = 2999.4

Thereforethe ASAPHill equationmodelis:

Cg.lS
ASAPosa = ~69.61 i oogg 47 >

whereCe is the propofol effectconcentration

The modelresultson the training dataset(Groupl) arepresentedn Figure5-18. Themean
absoluteerror of the model was of 3.37 mmHg, this low value representsa reasonable
model approximation This setof parametersaptureswell the ASAP changesHowever
the value of SAP is not the result of the drug effect only, but surgical stimulusis also
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responsibldor the SAP variations Therefore a modelusingonly the effect concentration
of thedrugwill notreproducehedataexactly.

Equation5-2 was appliedto the dataof the induction phaseand the resultis shownin
Figure5-19. The modelhasa reasonabl@erformancevhenmodellingthe inductionphase
This result shows that the propofol effect concentrationis sufficient to describethe
behaviour of ASAP during the induction phase The high ASAP values (peak$ at
approximately810 secondsnd1025 secondsverecausedy tracheaintubation

-5 e | H | | 1 | | L I |
2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000
Time (s)

Figure5-18: ASAPfrom patientPat1 (*) andtheresultof the Hill equationmodel(solid line),
consideringhe dataof Groupl.

Induction Phase Model for ASAP
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Figure5-19: ASAPfrom patientPat1 (solid line) andASAP from the Hill equatiormodel(dashedine),
consideringheinductionphase
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5.3.1.2 Heart Rate

The optimizedparameter®f Equation5-1, when consideringAHR, whereestablishedy
the NCD blocksetas

EEn1aX = —”4().S)1
a=184
Cpso = 2990.8

Thereforethe AHR Hill equationrmodelis:

c*

HRmog = —40.91—— e
AHRmods = —40.91 CL%2990.8%

whereC. is the propofol effectconcentration

30 | [ L | e | | | |
2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000
Time (8)

Figure5-20: ASAPfrom patientPat1 (*) andtheresultof the Hill equationmodel(solid line),
consideringhe dataof Groupl.

Figure 5-20 showsthe modelresultsandthe AHR of patientPatl, consideringthe dataset
Groupl. The meanabsoluteerror of the modelfor this setof datawasof 3.66 bpm The
reasonablenodel approximationandlow error, showthat the Hill equationis suitableto
modelthe effectof propofolonthe AHR, whenremifentanilis keptat a constantevel.

The Hill equationmodelof Equation5-3 wasappliedto the inductionphasedatg andthe
resultis presentedn Figure 5-21. The model of AHR has an acceptableperformance
representinghe AHR trendduringtheinductionphase

Propofolhasa depressivesffect on both AHR and ASAP, andthis is reflectedwhenusing
the Hill equationmodels However it is necessaryto note that the pharmacokinetic
parametersand the ke value usedto model the plasmaand effect concentrationsof
propofol are mean populationvalues Therefore it is expectedthat small changesmay
occur betweenthe modelled concentrationsand the real concentrationghat lead to the
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observedeffect (ASAP or AHR). The plasmapropofol concentrationwas not measured
therefore themodelresultsarethe bestavailableapproximation

Induction Phase Model for AHR

_30 L Il
0 500 1000 1500
Time (s)

Figure5-21: AHR from patientPat1 (solid line) and AHR from the Hill equationmodel(dashedine),
consideringheinductionphase

The peak in AHR presentin the patient data (Figure 5-21) was diagnosedby the
anaesthetisas being relatedto intubation The haemodynamiagesponseo intubationis
more predominanin the blood pressureghanin the heartrate this is discussedn detailin
thefollowing subsection

5.3.2 Remifentanil and the Haemodynamic Response to I ntubation

Remifentanilinteractswith propofolin the presenceof surgicalstimulus However in the
induction phasethe only stimuluswas trachealintubation This is a very strongstimulus
whichis associateavith haemodynamichangesOpioid drugsareadministeredat thetime
of induction of anaesthesian an attemptto attenuatethe cardiovasculamesponseto
intubation

Guignardet al. (2000) reportedthatremifentanilattenuatedar abolishedncreasesn MAP
andHR afterintubationin a comparabledosedependentashion Thompsonet al. (1998)
also assessedhe effect of remifentanil on the ASAP and AHR after intubation They
reportedthatintubationhadno significanteffecton HR in the remifentanilgroupsand SAP
increasedsignificantly in all groups but in the remifentanil groups this increasewas
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guantitativelylessthanwith otheropioids anddid not exceedore-inductionvalues

The influence of remifentanilin ASAP and AHR could be describedas a function of the
effect concentratiomat the time of intubation Consideringthat the remifentanil effect is
doséconcentratiordependentin orderto obtain the relation betweenremifentanil effect
concentrationand the effect in ASAP and AHR, the datafrom two researchesvas used
(McAtamneyet al., 1998; O’'Hareet al., 1999). Theseresearcheseportedthe effects of
remifentanilbolusdoseson the haemodynamicesponseto trachealintubation

Figures5-22 and 5-23 showthe percentagef changein meanSAP and HR respectively
comparedvith the baselinevaluesfor the datain McAtamneyet al. (1998). Threedifferent
remifentanilbolusdoseswereused 0.25, 0.5 and1 ug/kg administeredat inductionovera
periodof 30 secondsTrachealintubationoccurredl minuteafterinduction A groupof 80
patientswere assignedoy randomallocationto one of four treatmentgroups receiving

0.25, 0.5 or 1.0 ug/kg of remifentanilor placebo(10 ml 0.9% saling. Analysingthefigures

it is clearthat the major effectis observedl minute after intubation(i.e. 2 minutesafter
induction). At minute4, the SAPandHR valuesseento go backto normalvalues

saline
Remifentanil 0.25 ug/ky
Remifentanil 0.5 ugkyg ||
Remifentanil 1 ug/kg

N
@
T
O+ kw

% change from baseline in SAP

Time (min) after induction

Figure5-22: Percentagef changegrom baselinen meanSAP, afterinductionof anaesthesidatafrom
McAtamneyet al. (1998). Intubationwasperformedl minuteafterinduction
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Figure5-23: Percentagef changdrom baselinen meanHR, afterinductionof anaesthesidatafrom
McAtamneyet al. (1998). Intubationwasperformedl minuteafterinduction
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Figure5-24: Percentagef changdgrom baselinen meanSAP, afterinductionof anaesthesidatafrom
O'Hareet al. (1999). Intubationwasperformedl minuteafterinduction
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Figure5-25: Percentagef changdrom baselinen meanHR, afterinductionof anaesthesidatafrom
O'Hareet al. (1999). Intubationwasperformedl minuteafterinduction

Figures5-24 and 5-25 showthe percentagef changein meanSAP and HR respectively
comparedvith baselinevaluesfor the datain O’'Hareet al. (1999). The sameprofile asin
McAtamneyet al. (1998) was usedby O'Hare et al. (1999). However the remifentanil
bolusdosesusedwere 0.5, 1 and 1.25 ug/kg. The samenumberof patientswas analysed
(i.e. 80 patient3 consideringfour differentgroups the threedifferentdosesof remifentanil
andasalinegroup In this study, they concludedhatthe remifentanildoseof 0.5 ug/kg was
ineffectivein controlling theincreasen HR andarterial pressureafter intubationbut the 1
andl1.25 ug/kg doseswvereeffectivein controllingtheresponse

Remifentanilseemdo havea possiblelinear dosdeffectrelationshipwhenconsideringthe
SAP signal2 minutesafterinduction(1 minuteafterintubatior). Thereductionon the SAP
increaseto intubationis notorious In the saline group thereis a changeof 25-30% of
baselinewhile in the remifentanilgroupsthereis a smallerincrease The amplitudeof the
SAP changedecreaseasthe remifentanildoseincreasesin the remifentanilgroupof 1.25
ug/kg the increasein SAP is minor, in fact the SAP valuesremain below the baseline
However theredoesnot seemto be a linear relationbetweerndoséeffectwhenconsidering
HR. In Figure5-25, thereis areductionin the HR responséo intubationwhenremifentanil
is usedcomparedvith the salinegroup but this reductionis notlinear. In orderto establish
a clearrelationshipbetweenremifentaniland haemodynamieffect the remifentanileffect
concentrationsvere calculatedusingthe pharmacokineticompartmentamodeland effect
compartmentmodel describedin Chapter4. Tables5-1 and 5-2 show the remifentanil
effect concentratiorfor all the time samplesand dataof McAtamneyet al. (1998) anda
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O'Hareet al. (1999), respectively

Table5-1: Remifentanileffectconcentrationfng/ml) for the datain McAtamneyet al. (1998). In the
following order. atbaseling posinduction pre-intubation 1 to 5 minutesafterintubation

Group | basdline posind. preiint. 1min 2min  3min 4min 5min
0.25 uglkg 0 0.3416 0.9739 11062 0.8301 0.5698 0.3949 0.2893
0.5 uglkg 0 0.6833 1.9478 2.2123 1.6603 1.1396 0.7897 0.5785
1 ug/kg 0 1.3665 3.8955 4.4247 33206 22792 15794 1.157

Table5-2: Remifentanileffectconcentratior{ng/ml) for the datain O’ Hareet al. (1999). In thefollowing
order atbaselingposinduction pre-intubation 1 to 5 minutesafterintubation

Group | basdline posind. preiint. 1min 2min  3min 4min  5min
0.5 uglkg 0 0.6833 1.9478 2.2123 1.6603 1.1396 0.7897 0.5785
1 ug/kg 0 1.3665 3.8955 4.4247 33206 22792 15794 1.157
1.25 ug/kg 0 1.7081 4.8694 55308 4.1507 2.849 19743 1.4463

In this researchthe effect concentrationof remifentanilis in the range0-10 ng/ml, in
accordancewith the anaesthetistand the drug profile used (remifentanilpropofo).
Alexanderet al. (1999b) reportedthat a remifentanileffect concentratiorof 12 ng/ml at 1
minute after intubation (bolus dosesof 3 ug/kg at induction) block the haemodynamic
changedo intubation This value of 12 ng/ml will be usedasthe limit of the remifentanil

effectconcentrationssinceit is knownthatthereis a ceiling effect

The O'Hareet al. (1999) datafor the bolusdosesof 0.5, 1 and1.25 ug/kg andsalinegroup
(i.e. zero effect concentratiorof remifentani), andthe information from Alexanderet al.
(1999b) (i.e. ata concentratiorof 12 ng/ml thereis 0% of effec) wereusedto describedhe
relationshipbetweeneffect concentratiorand percentagef changein SAP andHR from
intubationtime to 1 minuteafterintubation A 1% and2™ orderpolynomialswerefitted to

thedatausingtheleastsquaresnethod

Figures5-26 and 5-27 showthe percentagehangein SAP andHR , respectively versus
the remifentanileffect concentratiorat 1 minuteafterintubation The 2™ orderpolynomial
approximation(solid line) has a betterfit to the datafrom both variables It seemsto
capturethe ceiling effectin remifentaniland presentsa smallererror. The relationshipfor
HR is not so clear as for SAP, and the 1% and 2™ order polynomials have poorer
approximationsNeverthelessconsideringhe patientvariability andsmallerchangen HR
values the 2" orderpolynomialwasconsideredo bereasonable
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Figure5-26: Percentagef changdan SAP andtheremifentanileffectconcentratiorat 1 minuteafter
intubation 1% orderpolynomial(dashedine); Z”dorderpolynomial(solid line); (*) datafrom O’ Hareet
al. (1999) andAlexanderet al. (1999b).
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Figure5-27: Percentagef changdn HR andtheremifentanileffectconcentratiorat 1 minuteafter
intubation 1% orderpolynomial(dashedine); 2”dorderpolynomial(solid line); (*) datafrom O’ Hareet
al. (1999) andAlexanderet al. (1999b).

Comparingwith the 1% orderpolynomials the 2™ otherpolynomialsgavesmallererrorand
a betterfitnessto the overalldata The expression$or thesefunctionsareasfollows:

o« SAP

% Changeg(SAP)= 0.1346C2 — 3.6388C, + 24.3267 5-4
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* HR
% ChanggHR)= 0.029C% — 1.0787C, + 8.458 5-5

whereC. is the remifentanileffect concentrationThe abovefunctionsrepresenthe effect
of remifentanilon the haemodynamichangest 1 minuteafterintubation Theinfluenceof
intubation is reflected during approximately3 minutes after which the haemodynamic
parameterseturnto the normalvalues

5.4 M aintenance-Phase M odel

The maintenancephasestartsat 1500 seconds after which the patientis stablein the
operatinggoomandthe surgicalproceduras aboutto start

The interaction betweenpropofol and remifentanil is of crucial importanceduring the
maintenancghase due to the continuouspresenceof stimulusand the propertiesof the
two drugs It is known that remifentanil potentiatesthe effects of propofol therefore
reducingthe requiredpropofol effect concentration The cardiovasculaparametersAHR
andASAP, andthewaveletextractedAEP featuresaretheresultof thedrugsconcentration
the surgicalstimulusandthe patients individual parametersTherefore it is necessaryo
use simultaneouslythe effect concentration®f both drugsto establishthe effect on the
differentparameters

Figure 5-28 showsthe block diagramof the proposedmaintenancehasepatientmodel
The pharmacodynamimodelfor the maintenance@hase describingthe effect of the drugs
in the body; is divided into two parts First, TakagiSugeneKang (TSK) fuzzy modelsare
usedto describethe relationshipbetweenthe effect concentration®f both drugs(including
thedruginteraction} andAHR, ASAP andthe AEP features Secondly a stimulusmodelis
usedto establishthe stimulusperceivedby the patientandits effect on the cardiovascular
parametersThe stimulusmodelis describedn Section5.5. In the following sectionsthe
TSK fuzzy modelswill be explainedn moredetails
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Figure5-28: Block diagramof the maintenanc@hasemodel Prop_Cp andRemi_Cp arethe plasma
concentrationsf propofolandremifentani) respectivelywherearop_Ce andRemi_Ce arethe effect
concentrations

The maintenanc@haseof anaesthesihasdifferentcharacteristicshaninduction Thedrug
profiles usedare aimedto maintaina stableDOA level consideringthe surgicalstimulus
present Beforeautomaticor TCI systemsa steadycontinuousinfusion of anaesthetiovas
administeredduring maintenanceof anaesthesjasupplementedvith bolus dosesof the
analgesicwhen required At the moment the anaesthetistargetsthe propofol plasma
concentratioraccordingto his knowledgeaboutthe patients conditionsand the surgical
procedure However when remifentanilis usedthe anaesthetisalso hasto establishthe
adequatelosefor a continuousnfusionof analgesicln addition the interactionof the two
drugswill alter the requiredamountof eachof them As studiedby different researchers
the presencef differentdosesthereforedifferentconcentrationsof remifentanilaltersthe
optimal propofol concentrationto adequatelymaintain DOA (Peacockand Philip, 1999;
Peacoclet al., 1998; Vuyk et al., 1997).

Figure 5-29 showsa datadensitydiagramfor the combinationof effect concentration®f
propofol and remifentani| during the surgicalprocedureof patientPatl (Figures5-2 and
5-3). Analysingthis graph it is clearthatthe existentdatais concentratedn certainareas
and thesedo not cover the whole space In fact, severalcombinationsof the two drugs
effect concentrationsare not used during the maintenancephase For example low
concentrationsof remifentanil are only obtainedin the end of the surgical procedure
(recovery, sincethereis only a minimal, if any, surgical stimulus A mediumto high
concentratiorof remifentanilis usedto provide the analgesiccomponentof anaesthesja
consideringhe continuousstimuluspresentAt the sametime, very high concentration®f
remifentanilwould increasethe effects of propofol leadingto a probableDeep level of
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Figure5-29: Datadensitygraphfor the dataof patientPatl (combinationof propofofremifentanileffect
concentrations

The propofol effect concentratiorduring the maintenancephasedoesnot reachthe same
high valuesusedfor induction (Figure 5-2), the maximumvalue doesnot reachthe 4000
ng/ml. Low effect concentration®f propofol (<2000 ng/ml) are not combinedwith high
remifentanilconcentrationssincea minimum amountof propofol is requiredthroughout
the maintenancghase so asto produceunconsciousnesin conclusion the datagathered
during the maintenancghasearelimited not only by the existenceof a single patient but
alsoby the specificanaestheticequirementsluringthis phaseof the procedure

The maintenanc@hases a very importantphaseif notthe mostimportant of anaesthesia
It is during this time thatthe surgicalproceduretakesplace The objectiveis, therefore to
model the effect of the existent combinationsof propofol and remifentanil effect
concentration®n the AHR, ASAP andthe AEP featuresi.e. onthe patients cardiovascular
andCNS

The AdaptiveNetwork-BasedFuzzyInferenceSystem(ANFIS) wasusedto construcfTSK
models for AHR, ASAP and the AEP features(Figure 5-28). The TSK fuzzy system
comprisef thefollowing rules

If x; is C} and... andx, is Ch, thenf, = ¢}, + ¢} x1 +...+ChxXn 5-6
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where C! are fuzzy sets c} are constants| =1,....m, i=1,..,nandj=0,...,n. The
antecedenpartsof the rulesarethe sameasin the ordinaryfuzzy IF-THEN rules but the
consequenpartsarelinearfunctionsof theinput variablesseeAppendixB).

Given an input X = (X1,...,Xn) " € U < R", the output f(x) € V < R of the TSK fuzzy
systemis computedastheweightedaverageof thef,’sin Equation5-6, i.e.:

erzl f|WI
f(X) = W 5-7
wheretheweightsw' arecomputecdas
w = H,nzl pe(Xi) >-8

peci(xi) aretheinput membershigunctionsof x; (Takagiand Sugeno1985). Therefore the

outputof eachrule is a linear combinationof input variablesplus a constanterm, andthe
final outputis theweightedaverageof eachrule’ s output

The ANFIS designediy Jang(1993), constructsa TSK FuzzyInferenceSystem(FIS) using
agiveninputoutputdataset SeeFigure3-12 in Chapter3 for the generalANFIS structure
diagram

The membershipfunction parametersare tuned using a hybrid learning rule, which
combinesthe gradientmethod and the leastsquaresestimatorfor fast identification of
parameterg¢Jangand Sun 1995). This allows the fuzzy systemdo learnfrom the datathey
aremodelling

The ANFIS was built throughthe Fuzzy Toolbox availablefor MATLAB . The following
propertiesvereusedwhenrunningANFIS:

 Subtractiveclusteringwasusedto generateheinitial FIS structure

» Gaussiannput membershigunctions

« Hybrid optimizationmethod(i.e. backpropagatiorgradientdescentindleastsquares
method.

Thesepropertieswere found to provide the bestresultsfor the models Since subtractive
clusteringdeterminegheinitial FIS basedn thetrainingdatasetandthe naturalclustersin
it, this methodis deemedo be the safestoption whenno informationis availableso asto
determineadequatelyheinitial FIS, or the datais not equallydistributedin theinput space
(suchasin this case Figure5-29).
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The TSK modelsuseasinput the effect concentration®f remifentaniland propofolandas
Ooutput ASAP, or AHR, or one of the AEP features The availabledatawere divided into

trainingandcheckingdatasets 2/3 and1/3 of the datarespectively

The detailedTSK modelsfor the cardiovasculaparametersandthe AEP featureswill be

presentedn the nextsections

5.4.1 Cardiovascular Parameters

The cardiovasculaparameterdHR and ASAP were modelledseparatelyusing the same
ANFIS structure The available data from patient Patl were divided into training and
checkingdatasets The training datasetshouldrepresenthe featuresof the datathat the
trained TSK systemis intendedto model Therefore the checkingdatasetconsistsof four
different piecesof the datg makingup 1/3 of the total numberof samplesthe remaining
samplesare usedas the training dataset This choiceof checkingandtraining datasets
was necessaryo assurethat both setswere balancedand representativeof the datg but

distinct

5.4.1.1 Systolic Arterial Pressure

Figure5-30 showsthe input membershigunctionsfor the effectconcentrationsf propofol
andremifentanilof thetrainedTSK modelfor ASAP.
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a) b)
Figure5-30: Input membershigunctionsdescribingthe propofol effectconcentratior{ @) ) andthe
remifentanileffectconcentratior{ b) ), for the ASAP TSK fuzzy model

The input membershigunctions parametersvere tunedby ANFIS after determiningthe
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initial FIS using subtractiveclustering Table 5-3 showsthe rule-baseof the ASAP TSK
model

Table5-3: Rule-basetablefor thefuzzy TSK modelof ASAP. RCe is the remifentanileffect
concentrationPCe is the propofol effectconcentrationf; is thei outputmembershigunction

i=1..., 5.

PCe RCe

mfl mf2 mf3 mf4
mfl | f1
mf2 | f2
mf3 fa
mf4 fa
mf5 fs

The output membershipfunctionsfi,...,fs are static linear functions of the inputs (i.e.
propofol and remifentanil effect concentrations The tuned output membershigunctions
are

f1 = 0.0223PC¢ + 2.0627RC, — 149.7138
fo = 0.4169PCe — 159.467RC, — 566.9308
fz = PCe — 78.3RC. — 1418 59
fa = —0.2486PC. — 74.2046RC, + 832.3579
fs = —0.0366PC, — 138.4659RC. + 99.3317

The output surfaceof the ASAP TSK fuzzy modelis presentedn Figure5-31. The input

spacewasrestrictedto the maintenancghasevalues Analysingthe figure, onecannotice
that in the areaswhere there are not data (recall Figure 5-29), the TSK model surface
presentglistortedpeaksor valleys For example arounda remifentanileffectconcentration
of 8 ng/ml with a correspondindow effectconcentratiorof propofol the TSK modelgives
positivesvaluesof ASAP (i.e. SAP is abovebaseling, which was not presentin the data
from patient Patl. It is not expectedthat SAP would raise above baselineduring the
surgicalprocedureundergeneralanaesthesiwith this drug profile. The peakin the output
surfaceis dueto the non existenceof datain that areaof the input space ANFIS cannot
modelthe responsdo unseerdatg therefore the TSK modelis only valid in the accepted
effectconcentratiomangedor the maintenanc@haself for anyabnormakeasorthe effect

concentration®f the two drugswould be outsidethe typical maintenanceghaseranges

then an alarm is activatedto advise and warn the anaesthetisbf the invalid (i.e. not

accurat@ modelresponses
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Figure5-31: Outputsurfacefor ASAP TSK fuzzy mode| consideringhe maintenanc@hase

Training data set
-10 T T

ASAP

| | | | | ! ! |
1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time(s)

Cheking data set
T

\

60 | | | | | | | |
1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time(s)

ASAP

Figure5-32: Resultsof the ASAP TSK fuzzy modelon thetraining andcheckingdataset(strongsolid
line) andASAP from patientPat1 (solid line), consideringhe maintenanc@hase

Theresultsof the ASAP TSK modelon thetrainingandcheckingdatasetsarepresentedn
Figure5-32. The meanabsoluteerrorson thetrainingandcheckingdatasetswere2.26 and
6.53 mmHg respectively As expected the model has a reasonablgerformanceon the
training datasetwith a low error. The resultson the checkingdatasetreflect the ASAP
trendandappeato smoothout thedisturbanceslueto stimulus

Figure 5-33 showsthe resultsof the ASAP TSK modelon the whole dataof patientPat1
(i.e. training and checkingdatasetd. The TSK modelreflectsthe ASAP trendin response
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to the effect concentrationsThe smooth responsereflects the smooth changesin the
concentrationgOverall themodelpresentanacceptabl@erformance
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Figure5-33: Resultsof the ASAP TSK fuzzy model(dashedine) and ASAPfrom patientPat1 (solid
line), consideringhe maintenanc@hase

5.4.1.2 Heart Rate

The AHR TSK modelwasalsotrainedusing2/3 of thedata Theremainingl/3 wasusedas
the checkingdataset which representedour different piecesof data Figure 5-34 shows

the model input membership functions for the propofol and remifentanil effect
concentrations

mf2

°
®

Degree of membership

°
>

©
2

Degree of membership

-

i

of-—-
2000 2200 2400 2600 2800 3000 3200 3400 3600 3800 4000
Propofol Effect Concentration (ng/mi)

5 6 7
Remifentanil Effect Concentration (ng/mi)

b)
Figure5-34: Input membershigunctionsdescribingthe propofol effectconcentratior{ @) ) andthe
remifentanileffectconcentratior{ b) ), for the AHR TSK fuzzy model

The AHR TSK modelrule-bases presentedn Table5-4. The outputmembershigunctions
arethefollowing:
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f1 = —0.1PCe + 433.6RC. — 2231
fo = 0.014PC. + 0. 1826RC. — 83.1286
fa = 4.4PC. — 436.7RC, + 1327.4 5-10
fs = —0.0502PC¢ + 58.5949RC, — 72.8725
fs = —1.5PCe — 1645.8RC, + 7312.6

Table5-4: Rule-basetablefor thefuzzy TSK modelof AHR. RCe is the remifentanileffect
concentrationPCe is the propofol effectconcentrationf; is thei outputmembershigunction

i=1,...,5.

PCe RCe

mfl mf2 mf3 mf4 mf5
mfl | fq
mf2 fo
mf3 f3
mf4 fa
mf5 fs

Figure5-35 showsthe outputsurfaceof the AHR TSK mode| consideringhe maintenance
phaseAs in ASAP, the TSK modelsurfacepresentglistortionsin the areaswvherethereare
nodata
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Figure5-35: Outputsurfacefor AHR TSK fuzzy mode| consideringhe maintenancg@hase
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Figure5-36: Resultsof the AHR TSK fuzzy modelon thetrainingandcheckingdataset(strongsolid
line) andAHR from patientPat1 (solid line), consideringhe maintenanc@hase

Figure 5-36 showsthe resultsof the AHR TSK model on the training and checkingdata
sets Note that the peakin the AHR at approximately9200 seconds(Figure 5-4) was
removedfrom the training dataset Accordingto the anaesthetisthis outlier in the data
was causedby an externaldisturbanceand would damagethe modelling procedure The
meanabsoluteerrors on the training and checkingdata set were of 1.12 and 4.54 bpm

respectively
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Figure5-37: Resultsof the AHR TSK fuzzy model(dashedine) and AHR from patientPat1 (solid line),
consideringhemaintenancehase

The AHR modelresultson the whole dataof patientPat1 (training plus checkingdatasetg
are presentedn Figure 5-37. The model reflectsthe trendin AHR and hasa reasonable
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overall performanceNote that the modelsreflect the changesn effect concentrationgnd
interactionbetweerthetwo drugs therefore the changesn AHR andASAP dueto outside
disturbancegincluding surgicalstimulug are not reflectedin the results For examplethe
deepvalley in AHR at about4200 secondss not the resultof the drugs sincethereis no
drasticchangan the effectconcentrations

5.4.1.3 Comparison with a Linear Model

A linear model was developedusing the Nonlinear Control Design (NCD) MATLAB
Toolbox (mentionedin Section5.3.1) and geneticalgorithmsoptimizationto describe
ASAP and AHR. Thesemodelswere obtainedusing selectedpiecesof the datawherethe
concentratiorof oneof thedrugswasconstantandthe othervaried andvice versa

The datain Groupl (Section5.3.1, Figure 5-17) were usedto considerthe effect of the
changesn propofol concentrationThe datain the time periodfrom 5998 to 8905 seconds
(termedGroup2) wereusedto analysethe influenceof remifentanil During this periodthe
propofol concentration was constant therefore the effect of remifentanil on the
cardiovasculaparametersanbe analysedFigures5-2 and5-3).

ConsideringASAP, thefollowing equationsvereobtainedwith the NCD blockset
« Influenceof propofol (Groupl):
ASAP proporol = 11.2254 — 0.0153PCe 5-11
« Influenceof remifentanil(Group2):
ASAP enifentanil = —26.2855 — 1. 7622RCe 5-12
wherePC. andRC. arethe propofolandremifentanileffectconcentrationgespectively

Figure 5-38 showsthe resultsof the linear modelfor ASAPyopota (Equation5-11) on the
data of Groupl. The mean absoluteerror is of 3.93 mmHg reflecting the reasonable
approximatiorof the modelto the datain this group

Figure5-39 showstheresultsof the linear modelfor ASAPemifentanil (EqQuation5-12) on the
dataof Group2. The meanabsoluteerror is 9.52 mmHg, reflecting the poor results The
remifentanil effect concentrationdoesnot seemto reflect the ASAP changesthis is not
surprisingsinceremifentanilis usedfor clinical stability, thereforevery small changesn

121



Chapter 5: A Hybrid Patient Model

ASAP areexpectedAccordingto the anaesthetistemifentanilblocksthe responséi.e. the
effec)), whereagpropofolreflectsthe changesn ASAPandAHR.
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Figure5-38: ASAPfrom patientPat1 (*) andtheresultof thelinearmodelfrom Equation5-11 (solid
line), consideringhe dataof Groupl.
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Figure5-39: ASAPfrom patientPat1 (*) andtheresultof thelinearmodelfrom Equation5-12 (solid
line), consideringhe dataof Group2.

ConsideringAHR thefollowing equationsvereobtainedwith the NCD blockset
« Influenceof propofol (Groupl):
AHRpropofol = —1.8727 — 0.0061PCe 5-13
« Influenceof remifentanil(Group2):
AHRemifentanii = —23.3519 + 2. 1674RC. 5-14
wherePC. andRC. arethe propofolandremifentanileffectconcentrationgespectively

Figure 5-40 showsthe resultsof the linear model for AHRyropofol (Equation5-13) on the
data of Groupl. The mean absoluteerror is of 3.66 bpm, reflecting the reasonable
approximatiorof the modelto the datain this group

Figure5-41 showsthe resultsof the linear modelfor AHR enifentanii (Equation5-14) on the
data of Group2. The meanabsoluteerror is 6.47 bpm, reflecting the poor results The
AHRenmitentanit Modelresultsarefairly flat, with very small changesFrom Figures5-39 and
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5-41 it appearshatthetwo effectsarenotlinked to the changesn the effectconcentrations
of remifentanil

bpm
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Figure5-40: AHR from patientPat1 (*) andtheresultof the linearmodelfrom Equation5-13 (solid line),
consideringhe dataof Groupl.
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Figure5-41: AHR from patientPatl1 (*) andtheresultof the linearmodelfrom Equation5-14 (solid line),
consideringhe dataof Group2.

The effectsof the two drugshaveto be accountedor, whenmodellingthe cardiovascular
parametersRemifentanilaloneseemsgo havelittle influenceon AHR andASAP, however
remifentanil has an interaction with propofol A linear combination of these models
(Equations5-11 to 5-14) was obtainedusing a geneticalgorithm which optimized the
contributionof the two drugsto the valuesof the cardiovasculaparametersThe resultsof
the optimizationwereasfollows:

ASAPIinear = O 7036ASAPrem|fen tanil + 0 3945ASA\P propofol 5‘ 15
AH R|inear = O. 0575AH Rrenifentanil + O. 8453AH Rpr0p0f0| 5'16

The results of theseoptimized linear models are presentedin Figures5-42 and 5-43,
consideringASAP and AHR respectively The resultsof the linear modelsare compared
with theresultsof the TSK fuzzy model(describedn the previoussubsections andplotted
versusthe dataof patientPatl. The objectiveis to analysethe performanceof the two
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modelswith respecto themaintenanc@hasedata
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Figure5-42: ASAPfrom patientPat1 (solid line) andtheresultsof the TSK fuzzy model(dashedine)
andtheresultsof thelinearmodel(dashdotline), consideringhe maintenancg@hase
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Figure5-43: AHR from patientPat1 (solid line) andtheresultsof the TSK fuzzy model(dashedine) and
theresultsof thelinearmodel(dashdotline), consideringhe maintenancg@hase

Analysing Figures5-42 and 5-43, it is clearthatthe two drugsinteract The linear model
does not perform well, nevertheless it reflects the relation between the effect
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concentration®f the drugsand the cardiovasculaparametersassumingthat thereis no

interaction betweenthem The TSK model seemsto capturethe synergismbetween
propofol and remifentanil This is more evident when consideringthe time period of

7000-8000 secondsindeed the decreasen ASAP and AHR is not due to an increasein

propofol concentrationin fact, the propofol effect concentrations almostconstantduring

thistime. Thedepressiornn the cardiovasculaparameterss associateavith theincreasan

remifentanilconcentrationvhich potentiateghe effect of propofol If propofol would be

usedaloneduring this time, therewould be a clear relation betweeneffect concentration
and effect Therefore an increasein the remifentanil effect concentrationincreaseshe
depressiveffectof propofolonthe cardiovasculaparameters

In conclusion ANFIS was ableto optimizethe parameter®f the TSK models leadingto
an adequatalescriptionof the effectsandinteractionof the two drugs It is importantthat
the modelreflectsthe synergisticinteractionbetweenpropofol and remifentani| to be an
adequateepresentationf the body s behaviour

5.4.2 Wavelet Extracted AEP Features

The waveletextractedAEP featureswere modelledusing the sameANFIS structure(i.e.
samepropertie¥ asthe cardiovasculaparametersTen TSK modelswereobtained onefor
eachof the AEP features using the propofol and remifentanil effect concentrationsas
inputs Thetrainingandcheckingdatasetsare 2/3 and 1/3 of the whole datg respectively
Consideringhe characteristicef the AEP featuregFiguress-5 to 5-14), the checkingdata
setis representethy onesamplein everythree The approachusedwith the cardiovascular
parametersi.e. the checkingdatasetrepresentedby four different piecesof datg wasnot
suitablefor thesetype of data The AEP featuresarea setof spikesandthey do not reflect
trends The nature the AEP featuressignal is very different from the cardiovascular
parametersasreflectedin the AEP featureggraphs(Figures5-5 to 5-14) andFigure5-4.

The AEP featuresD1, D3, Ds andDs; TSK modelswill be presentedn the nextsections
These featureswere selectedto show the models behaviour and details considering
differentfrequencyfeatures The TSK modelsfor the othersix features D2, D31, D32, Das,

D, andDs,, wereobtainedn the sameway andarepresentedn AppendixD.
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5.4.2.1 AEP Feature D,

Figure5-44 showsthe input membershigunctionsfor the effectconcentrationsf propofol
andremifentanilof the trainedD; TSK model The modelrule-basein presentedn Table
5-5.
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Figure5-44: Input membershigunctionsdescribingthe propofol effectconcentratior{ @) ) andthe
remifentanileffectconcentratior{ b) ), for the AEP featureD1 TSK fuzzy model

Table5-5: Rule-basetablefor thefuzzy TSK modelof the AEP featureD 1. RCe is the remifentanil
effectconcentrationPCe is the propofoleffectconcentrationf; is thel outputmembershigunction,

i=1,...,3
PCe RCe
mfl mf2 mf3
mfl | f1
mf2 fo
mf3 f3

Theoutputmembershigunctionsarethefollowing:

f1 = 0.0007PCe — 0.0182RC, + 0.4700
fo = —0.0001PCe — 0.0294RCe + 0.4792 5-17
f3 = 0.0001PCe — 0.0504RC. — 0.0834

The D1 TSK modeloutputsurfaceis presentedn Figure5-45. The surfacepresents sharp
decreasento negativevaluesin the areaof high remifentanileffect concentrationyersus
low propofol effect concentrations As explained in the previous sections with the
cardiovascularparametersthis is due to the lack of datain that area Note that D1

decreaseasthe propofol andthe remifentanileffect concentrationsncrease showingthe
depressiorof the CNS at deeperevelsof DOA (i.e. higherconcentratiorof propofol and
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the synergisticeffectof remifentani).

Figure 5-46 showsthe resultsof the model on the training and checkingdatasets The
mean absoluteerrors for the training and checking data sets were 0.055 and 0.043,
respectively The lower error on the checkingdatasetsshowsthe efficiency of the model
anddemonstratethattherewasno overtraining
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Figure5-45: Outputsurfaceof the AEP featureD 1 TSK fuzzy model
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Figure5-46: Resultsof the AEP featureD 1 TSK fuzzy modelonthetrainingandcheckingdatasets
(dashedine) andthe AEP featureD 1 from patientPat1 (solid line), consideringhe maintenanc@hase

The TSK modeldoesnotreflectthe highestspikesin the datg thereis anincreasen the D1
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valueasaresultof the concentrationsHowever anexternaldisturbance€probablysurgical
stimulug is affectingthe valuesof D;.

5.4.2.2 AEP Feature D3
Figure5-47 showsthe input membershigunctionsfor the propofol andremifentanileffect

concentration®f the trainedD3 TSK model The rule-baseof the modelis presentedn
Table5-6.
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Figure5-47: Inputmembershigunctionsdescribingthe propofol effectconcentratior{ @) ) andthe
remifentanileffectconcentratior{ b) ), for the AEP featureD3 TSK fuzzy model

Table5-6: Rule-basetablefor thefuzzy TSK modelof the AEP featureD3. RCe is theremifentanil
effectconcentrationPCe is the propofoleffectconcentrationf; is thel outputmembershigunction,

i=1,...,3.
PCe RCe
mfl mf2 mf3
mfl | fq
mf2 fo
mf3 f3

Theoutputmembershigunctionsarethefollowing:

f1 = —0.0021PC, — 0.2615RC. + 6.5268
f2 = —0.0006PCe — 0.2793RCe + 4.4771 5-18
fz = —0.001PC, — 0.3518RCe + 3.1850

Figure 5-48 showsthe output surfaceof the D3 TSK mode| consideringthe maintenance
phase The shapeof the surfaces similar to theonefrom D, representin@ similar trendin
thedatawhenthe effectconcentrationshange

128



Chapter 5: A Hybrid Patient Model

The modelwasappliedto the training and checkingdatasets the resultsare presentedn

Figure5-49. The meanabsoluteerrorsof the training andcheckingdatasetswere0.52 and

0.41, respectively Oncemorethecheckingerroris smallerthanthetrainingerror.
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Figure5-48: Outputsurfaceof the AEP featureD 3 TSK fuzzy model
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Figure5-49: Resultsof the AEP featureD 3 TSK fuzzy modelon thetrainingandcheckingdatasets
(dashedine) andthe AEP featureD 3 from patientPat1 (solid line), consideringhe maintenanc@hase

The D3 featureappeargo havethe samehigh spikesasfeatureD;. In fact, the overalldata

is similar in trend but with different amplitude values Theseare both low frequency

features
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5.4.2.3 AEP FeatureDs

Figure5-50 showsthe input membershigunctionsfor the propofolandremifentanileffect
concentrationsf thetrainedDs TSK model Table5-7 presentsherule-baseof the model

Degree of membership

mf2

Propofol Effect Concentration (ngimi)

Degree of membership

°

°

>

©

2

°
0

°

>

mf3

mft

_mf2

Remifentanil Effect Concentration (ng/mi)

a)

b)

Figure5-50: Inputmembershigunctionsdescribingthe propofoleffectconcentratior{ @) ) andthe

remifentanileffectconcentratior{ b) ), for the AEP featureDs TSK fuzzy model

Table5-7: Rule-basetablefor thefuzzy TSK modelof the AEP featureDs. RCe is theremifentanil
effectconcentrationPCe is the propofol effectconcentrationf; is thel outputmembershigunction,

i=1,...,4.
PCe RCe
mfl mf2 mf3
mfl | fq
mf2 | fo
mf3 f3
mf4 fa

Theoutputmembershigunctionsarethefollowing:

f1 = —0.0315PC, + 20.2944RC. — 22.7108
fo = —0.008PCe + 1.3529RCe. + 28.4694
fz = 0.0906PCe + 19. 1609RC, — 349.0115
fa = —0.0179PCe + 9.6614RC. + 20.5424

5-19

Figure5-51 showsthe outputsurfaceof the Ds TSK model The surfacepresentsa different
shapethanthe previousmodels(Figures5-45 and5-48), showingthe differentnatureof the
AEP feature There is a distortion in the surface around 3000 ng/ml propofol effect
concentratiorversuslow remifentanileffect concentrationsthis is, oncemore dueto the

lack of datain thatarea
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The Ds TSK model was appliedto the training and checkingdata sets The resultsare
presentedn Figure 5-52. The meanabsoluteerrorson the training and checkingdataset
are3.09 and3.41, respectively In contrastwith the previoustwo featuresthe erroron the
checkingdatasetis slightly higherthanon thetrainingdataset
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Figure5-51: Outputsurfaceof the AEP featureDs TSK fuzzy model

Training data set
50 T T

N~

! I ! ! !
5000 6000 7000 8000 9000 10000

Time(s)

0 I |
1000 2000 3000 4000

Cheking data set
50 T T

| I | I |
5000 6000 7000 8000 9000 10000

Time(s)

I i
2000 3000 4000

Figure5-52: Resultsof the AEP featureDs TSK fuzzy modelonthetrainingandcheckingdatasets
(dashedine) andthe AEP featureDs from patientPatl (solid line), consideringhe maintenanc@hase

The high frequencyDs AEP featureis more oscillatory than the low frequencyfeatures
Analysing Figure 5-52, one canseethatthe TSK modelis capturingthe fluctuationof the
signal The high spikesin the data are less predominantthan with the low frequency
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featurespresentinga smalleramplitudechangecomparedvith therestof the signal

5.4.2.4 AEP Feature Ds;

Figure 5-53 showsthe input membershipfunctions for propofol and remifentanil effect

concentration®f the TSK modelof the AEP featureDs;. Table5-8 presentghe rule-base

of themodel

mf3 mft

Degree of membership

mf2

2000 2500 3000
Propofol Effect Concentration (ngimi)

3500

Degree of membership

°
>

°
>

©
2

°
0

°

mf2

4 5 3
Remifentanil Effect Concentration (ng/mi)

a)

b)

Figure5-53: Input membershigunctionsdescribingthe propofol effectconcentratior{ @) ) andthe
remifentanileffectconcentratior{ b) ), for the AEP featureDs; TSK fuzzy model

Table5-8: Rule-basetablefor thefuzzy TSK modelof the AEP featureDs1. RCe is theremifentanil
effectconcentrationPCe is the propofoleffectconcentrationf; is thel outputmembershigunction,

i=1,...,4.
PCe RCe
mfl mf2 mf3
mfl | f1
mf2 | f2
mf3 f3
mf4 fa

Theoutputmembershigunctionsarethefollowing:

f1 = —0.0439PC, — 10. 7005RCe + 157.5113
fo = —0.0418PC. — 2.2590RC, + 182.4764
fz = 0.1638PCe + 2. 1645RC, — 360.4773
fa = 0.0196PCe — 17.4224RC, + 11. 3201

5-20

In contrastwith the low frequencyfeatures(D1 and Ds), the featuresDs and Ds; are

modelled using more rules and membershipfunctions this may representthe higher

variability of thesefeaturesFigure5-54 showsthe outputsurfaceof the Ds; TSK model
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Theresultsof the modelon thetrainingandcheckingdatasetsarepresentedn Figure5-55.
The mean absoluteerrors were 6.5 and 4.6 on the training and checking data sets
respectively
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Figure5-54: Outputsurfaceof the AEP featureDs; TSK fuzzy model
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Figure5-55: Resultsof the AEP featureDs; TSK fuzzy modelon thetrainingandcheckingdatasets
(dashedine) andthe AEP featureDs; from patientPatl (solid line), consideringhe maintenancghase

The detailedfeatureDs; is clearly influencedby somefactor, not relatedwith the effect
concentrationsThe very sharppeaksat approximately3200 secondsand 4000 seconds
have very high amplitudescomparedwith the rest of the signal The Ds; valuesare
generallybelow 25, howeverthis disturbancesre of valuesgreaterthan 100. As a result
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themodelis notableto copewith thesevery highvalues

In conclusion the TSK modelsobtainedfrom the waveletextractedAEP featuresdescribe
the relationshipbetweenthe effect concentrationgndthe AEP features The modelshave
differentcharacteristicaccordingo the highandlow frequencyfeaturesThe AEP features
areaffectedby otherfactorsbesideghe effectconcentrationdn general the sharppeaksn
the AEP featuresare the responseso surgicalstimulus this is discussedn detail in the
nextsection

5.5 Stimulus M odel

Surgicalstimulusincreaseghe value of SAP andHR. Tassorelliet al. (1995) reportedon
the haemodynamiaesponsedo stimulation using a cold-pressortest Increasesn both
blood pressureandHR were observedhroughoutthe test Schwendegt al. (1994) reports
changesn HR, SAP and DAP after skin incision as well as sternotomy with different
anaesthetisedyroups In addition PineruaShuhaibaret al. (1999) demonstratedthe
cardiovasculamodulationof painperceptiorin humans

Thefinal valueof the cardiovasculaparameterss the resultof the effect of the two drugs
andof the surgicalstimuluspresentPropofolprovidesunconsciousneswhile remifentanil
providespain relief. Remifentanilaction can be viewed as a reductionon the patients

perceptionof surgical stimulus In fact, remifentanil effect concentrationdeterminesthe
guality of analgesiaand thereforethe level of stimulus perceivedby the patient In the
previoussection theinteractionof propofolandremifentanilwasmodelled consideringhe
effecton ASAP, AHR andthe AEP features In this section the objectiveis to modelthe
surgical stimulus effect on the cardiovascularparameters considering the analgesic
componenbf anaesthesié.e. theremifentanileffectconcentratioh Figure5-56 presentsa

diagramillustrating the overall stimulus model scheme Note that only the effect of

stimulus during the maintenancephaseis modelled The stimulus effect presentin the
induction phase(i.e. intubatior) was analysedaccordingto the remifentanil action in

Section5.3.2.

In Figure 5-56, the Fuzzy Model 1 describeghe analgesiccomponentof remifentanilin
reducingthe level of stimulusperceivedby the patient(i.e. the perceivedstimulug. Fuzzy
Model 2 comprisestwo fuzzy modelsdescribingthe effect of the perceivedstimulus on
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SAPandHR, respectively

Thesurgicalstimulusalsoaffectsthe AEP (Thorntonet al., 1988). However modulationof

such effect is an unexploredsubject The effect of stimulationon the waveletextracted
AEP featureswill bediscussedn Section5.5.4. First, the perceivedstimulusmodelwill be

presentedFuzzy Model 1 in Figure 5-56). Secondlythe fuzzy model for the changesn

SAP will be presentedfollowed by the fuzzy modelfor HR, usingthe perceivedstimulus

The overall stimulus model comprisesthree Mamdani type fuzzy modelsbasedon the

anaesthetistnowledgeandpresentedn IF-THEN rules Detailsof the Mamdanitype fuzzy

systemsarepresentedn AppendixB.

Perceived
Burgical | Fuzzy Model Stimdus | Puzzy Maodel p SAF
Stimudus 1 L 3 HE
Remifertanil effect SAP and HRE
cotcentrati on from patient
model

Figure5-56: Block diagramof the stimulusmodel

5.5.1 Perceived Stimulus

ThesurgicalstimulusintensitywasdescribedasZero, Low, MediumandHigh, considering
thefollowing eventsaslabelledby the anaesthetist

Intubation- high intensitystimulus
Incision- highintensitystimulus
Retractors highintensitystimulus
Cutting- mediumintensitystimulus
Diathermy- low to mediumintensitystimulus
Suture- low intensitystimulus

The remifentanil effect concentrationwas establishedas being between 0-10 ng/ml
throughoutthe procedure However in the maintenancephasethis is more restrict The
remifentanileffect concentratiorwas labelledby the anaesthetisas Zero, Low, Medium,
High andVeryHigh.

The surgicalstimulusandthe remifentanileffect concentratiorare the inputsto the fuzzy
model The outputis the perceivedstimulus obtainedusingthe rule-basein Table5-9. The
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perceivedstimulusis labelledZerg, VeryLow, Low, MediumandHigh.

Table5-9: Perceivedstimulusfuzzy rule base Surgicalstimuluse [0, 1], remifentanileffect
concentratiore [0, 10 ng/ml] andperceivedstimuluse [0, 1].

Surgical Remifentanil Effect Concentration (ng/ml)

Stimulus | Zero Low Medium High  VeryHigh

Zero Zero Zero Zero Zero Zero
Low Low  VeryLow Zero Zero Zero
Medium | Medium Low VeryLow  Zero Zero

High High Medium Low VeryLow Zero

Figures 5-57 and 5-58 show the membershipfunctions for the remifentanil effect
concentratiorandsurgicalstimulus respectively Figure5-59 showsthe perceivedstimulus
membershipfunctions The output surface of the perceived stimulus fuzzy model is
presentedn Figure5-60. The centreof gravity defuzzifierwasusedasthe defuzzification
method(detailsof this methodarepresentedn AppendixB).
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Figure5-57: Remifentanileffectconcentratio{CRem) membershigunctions normalisecbetweer0
andl, scalingfactorof 0.1 (0 to 10 ng/ml).
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Figure5-60: Perceivedstimulusfuzzy modeloutputsurface CRemiis the remifentanileffect
concentratiorand PStimuluss the perceivedstimulus

The membershipfunction VeryLow for the perceivedstimulus is necessaryso as to
describethe effect of a low surgicalstimulusin the presenceof a low remifentanileffect
concentration In other words a low remifentanil concentrationdoes not suppress

completelyalow stimulus

The model output surfacereflects the smoothdecreasan the perceivedstimulus as the
remifentanil concentrationincreases The stimulus profile presentin the procedureof
patientPatl, waslabelledby the anaesthetishindstoredin a datafile. This file will beused
in the simulation system Note that during the maintenancephaseof anaesthesidahe
surgicalstimulusis continuouswith differentdegree®f intensity.

The perceivedstimulus model was appliedto the dataprofile from patientPatl (i.e. the
remifentanileffectconcentrationn Figure5-3). Theresultis presentedn Figure5-61. The
surgicalstimulusprofile (solid line) from the datafile wastransformednto the perceived
stimulus (dashedline) accordingto the remifentanil effect concentration Note that
sometimeghe perceivedstimulusis slightly abovethe surgicalstimuluswhenit is of very
low intensity. This is due to the defuzzificationmethodused sincethe centreof gravity
defuzzifierusesthe centreof areaof the triggeredmembershigunctions henceproviding
smoother outputs However at such low intensity the difference is not significant
consideringits effect on the cardiovasculaparameter@andthat the stimulusis continuous
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throughouthe maintenanc@haseq(i.e. afterincisionuntil suture.
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Figure5-61: Surgicalstimulus(solid line) andperceivedstimulus(dashedine) in themaintenance@hase
usingthesurgicalprofile of patientPatl.

5.5.2 Systolic Arterial Pressure

The effect of the perceivedstimuluson the SAP valuesis modelledusingthe anaesthetist
knowledgedescribedby IF-THEN rules Figure 5-62 presentghe block diagramfor the
fuzzy model describingthe effect of the perceivedstimulus on SAP. The inputs to the
modelare PrevSAP, thevalueof SAP (i.e. baselineSAP plusASAP) from the maintenance
phase model describedin Section 5.4 (Figure 5-28); and PerSimulus, the perceived
stimuluslevel obtainedfrom the perceivedstimulusfuzzy modeldescribedn the previous
section(FuzzyModel 1 in Figure5-56).

After consideringthe effect of the perceivedstimulusthe value of SAP is describedusing
the rule basein Table 5-10, constructedwith the cooperationof the anaesthetistThe
perceived stimulus was labelled as Zero, Low, Medium and High, accordingto the
membershigunctionsof Figure5-63.
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Figure5-62; Block diagramof the fuzzy modeldescribingthe effectof surgicalstimuluson SAP.

Table5-10: Rulebasefor the newvalueof SAP afterthe stimulus PrevSAP is the valueof SAP from the
maintenanc@hasemodel

Per ceived Previous value of SAP (PrevSAP)
Stimulus (PerSimulus) |  Low Medium High
Zero Low Medium High
Low Low Medium High

Medium Medium High VeryHigh

High High  VeryHigh VeryHigh
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Figure5-63: Inputmembershigunctionsdescribingthe perceivedstimulus(Per Simulus).
Thevaluesof thedifferentSAP classesredescribedasfollows:

e Situation A: baselineSAP> 130 mmHg

Low: SAP< 70% of baseline
Medium SAP between/0-80% of baseline
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High: SAP > 80% of baseline
e Situation B: baselineSAP betweenl20-130 mmHg

Low: SAP< 75% of baseline
Medium SAP between75-85 % of baseline
High: SAP > 85% of baseline

e Situation C: baselineéSAP < 120 mmHg

Low: SAP< 90 mmHg
Medium SAP betweerf0-120 mmHg
High: SAP> 120 mmHg

This classdivision was establishedy the anaesthetisand also usedby Shieh(1994) and
Linkenset al. (1996b).

Themembershigunctionsfor the previousvalueof SAP (PrevSAP) arepresentedn Figure
5-64, taking into accountSituationsA and B. Thesetwo situationscan be modelled
togetherconsideringa normalizedrangebetween0,1], and usingdifferent scalingfactors
In SituationA, the SAP rangeis 50-120% of baselinevalug andfor SituationB a rangeof
55-125% is considered
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Figure5-64: Inputmembershigunctionsdescribingthe previousvalueof SAP (PrevSAP), considering
situationsA andB. Therangeis normalisecbetweer{0,1].

After consideringthe perceivedstimuluseffect the new value of SAP (i.e. output of the
fuzzy systen) is labelledLow, Medium High andVeryHigh accordingto the membership
functionsin Figure 5-65, for SituationsA andB. The SAP outputsurfaceis presentedn
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Figure5-66. The centerof gravity defuzzifierwasusedasthe defuzzificationtechnique
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Figure5-65; Outputmembershigunctionsdescribingthe newvalueof SAP, consideringsituationsA and
B. Therangeis normalisethetweer0,1].
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Figure5-66: Outputsurfacefor SAPfuzzy mode| situationsA andB. PerSimulusis the perceived
stimulusandPrevSAP is the previousvalueof SAP.
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Figure5-67: Inputmembershigunctionsfor the previousvalueof SAP (PrevSAP), consideringsituation
C.

SituationC is treatedseparatelysinceit is not expressedh termsof a percentagérom the

baseline Figure 5-67 showsthe membershigdunctionsfor the previousvalue of SAP, and
Figure 5-68 showsthe membershipfunctions of the output value of SAP, considering
Situation C. Note that the input and output rangesare not normalized i.e. they are
representeth mmHg The outputsurfacefor SAP is presentedn Figure5-69, considering
SituationC. The outputsurfaceis different from the one obtainedfor SituationsA and B

(Figure5-66), butreflectsthe samechangedrend
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Figure5-68: Outputmembershigunctionsfor the newvalueof SAP, consideringsituationC.
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60 o

Prevaib PerStimulus

Figure5-69: Outputsurfacefor SAP fuzzy model| consideringsituationC. Per Simulus is the perceived
stimulusandPrevSAP is the previousvalueof SAP.

The shapeand valuesof the membershipfunctions were chosenso as to reproducethe
anaesthetistnowledgereflectedin the classificationof SAP.

The fuzzy modelwas appliedto the resultsof the simulationusingthe maintenancghase
modelfor the profile of patientPat1. Figure5-70 showsthe SAP valuebeforeandafterthe

stimulusmodel| solid anddashedine respectively Note how the presencef the stimulus

is affectingthe value of SAP, introducingchangesand peaksto the smoothoutput of the

maintenanc@hasanodel

Figure5-71 showsthe observedSAP from patientPat1 (solid line) versusthe value of SAP
after the stimulus model (dashedline). The resultsof the model including the stimulus
effect havea reasonabl@pproximationto the observedvalue of SAP. This wasexpected
since the stimulus level affectsthe cardiovascularesponsesHowever thereis a small

delaybetweenthe modelresultsandthe observedSAP. This happendecausen reality it

takes2-5 minutesfor the stimuluseffectto bereflectedin the SAP value meaningthatthe

influenceof the stimulusis not instantaneousT his time-delayhasnot beenincludedin the
SAP model Therefore the stimulusmodelrespondsmmediatelyto the stimulus altering

the SAP value The existing time-constantis different for SAP and HR, and to our

knowledgethere are no studiesdefining its value In addition it was not considered
adequateo estimatethe time-delaybasedonly on the dataof a single patient knowingthe
high variability betweerpatients
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Figure5-70: SAPfrom patientmodelwithout stimulus(solid line) andSAP afterthe stimulusmodel
(dashedine). The profile of patientPatl wasusedfor the simulation consideringhe maintenancg@hase

110

Real SAP
--- Model SAP

105+

100+

SAP mmHg
[{e]
w
T

[¢e]
o
T

85+

80+

75 I | 1 1 1 |
1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time (s)

Figure5-71: SAPfrom patientPat1 (solid line) andSAP from patientmodelincludingthe stimulusmodel
(dashedine), in themaintenanc@hase
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55.3Heart Rate

The effect of the perceivedstimuluson the HR valuesis modelledusing the anaesthetist
knowledgeby describingthe changein HR usingfuzzy rules Figure5-72 showsthe block
diagramdescribingthe changein HR asa resultof the perceivedstimulus PrevHR is the
HR value from the maintenancghasemodel (HR baselineplus AHR); PerSimulus is the
perceivedstimulusvalue The effectof the perceivedstimuluson the HR is describedasa
changen its value This changen HR is labelledasZerq, Little andLargeaccordingto the
anaesthetisbpinion A little changerepresents changeof 5% of the previousvalug anda
large changecould be asbig as 10%. Therefore the value of HR after the stimulusmodel

will beincreasedy a certainpercentage

HE from Fuzzy ;
— ————

model Model ;gﬂnge in

(FrevHR) <

Percefved Stitnulus
{FarStirulus)

Figure5-72: Block diagramof the fuzzy modeldescribingthe effectof surgicalstimuluson HR.

Thechangen HR is modelledusingtherule-basein Table5-11, with the previousvalueof
HR (PrevHR) andthe perceivedstimulus(Per Simulus) astheinputsof the fuzzy model

Table5-11: Rule basefor thechangdan HR afterthe stimulus PrevHR is thevalueof HR from the
maintenanc@hasemodel

Perceived Previous value of HR (PrevHR)
Stimulus (PerSimulus) | Low Medium High
Zero Zero Zero Zero
Low Zero Zero Little
Medium Zero Little Large
High Little Little Large
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The perceivedstimulus membershipfunctions are the sameas the onesusedfor SAP
(Figure5-63), labelledZero, Low, Medium andHigh. The HR classvalueswereclassified
by theanaesthetisasfollows:

Low: HR < 70% of baseline
Medium HR betweenr0-90% of baseline
High: HR > 90% of baseline

The PrevHR membershigunctionsaccordingto this description are presentedn Figure
5-73. The HR haslower normal valueswhen using remifentanilthan with other opioids
dueto its depressiveeffect This wastakeninto considerationwhen establishingthe HR
rangesNotethatin Figure5-73 the HR rangerepresent§0-110% of baseline
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Figure5-73: Inputmembershigunctionsdescribingthe previousvalueof HR (PrevHR).

Figure 5-74 showsthe outputmembershigunctionsfor the changein HR. The changein

HR is presentedisa percentagef the previousvalue(i.e. PrevHR). The outputsurfacefor
thechangan HR fuzzy modelis presentedn Figure5-75. The centerof gravity defuzzifier
wasusedasthe defuzzificationmethod
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Figure5-75: Outputsurfacefor thechangdn HR fuzzy model Per Stimulus is the perceivedstimulusand
PrevHR is the previousvalueof HR from the maintenanc@hasemodel

The describedfuzzy model was applied to the results of the simulation using the
maintenancehasemodelfor the profile of patientPatl. Figure 5-76 showsthe HR value
beforethe stimulusmodel(solid line) versusthe HR after consideringhe changeresulting
from the stimulusmodel (dashedine). The HR valuewasincreasedhroughoutdueto the
stimuluseffect The peaksresultingfrom the stimulusare quantitativelylessthanthe ones
on SAP, which demonstratethatHR is amorestablevariable
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Figure5-76: HR from patientmodelwithout stimulus(solid line) andHR afterthe stimulusmodel
(dashedine). The profile of patientPatl wasusedfor the simulation consideringhe maintenancehase
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Figure5-77: HR from patientPat1 (solid line) andHR from patientmodelincludingthe stimulus(dashed
line), in themaintenancphase

Figure 5-77 showsthe HR observedfor patientPatl (solid line) versusthe HR from the
patient model after the inclusion of the stimulus effect The model approximationhas

improved considering the result before the stimulus model

This reflects the

appropriatenessf a stimulusmodel In addition the HR modelseemdo be averagingout
disturbancesn the HR signal Whenconsideringthe time period of 4000 to 6000 seconds
the model HR is reflecting the HR trend but smoothingthe sharp“valley’ in the data
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Overall themodelhasanadequatg@erformance

The time-delay for HR is different from the one for SAP. It appearghat the HR reacts
fasterthanSAP to the stimulus Dueto the samereasonsasfor SAP, no time-constantvas
includedin the HR model In contrastthe AEP respondasterto the stimuluseffect thisis

demonstratedh thefollowing section

5.5.4 Auditory Evoked Potentials

The surgicalstimulusaffectsthe auditory evokedpotentials(AEP) and hence the wavelet
extractedAEP features However the effect of different surgical stimuli (i.e. different
intensity) is not trivial to analyse The anaesthetishasnot enoughknowledgeto describe
this effecton the AEP. Figures5-78 to 5-83 showseveralAEP featuresn contrastwith the

existenceof differentsurgicalstimuli.
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Figure5-78: WaveletextractedAEP featureD, from the dataof patientPat1, consideringhe
maintenanc@haseandthedifferentsurgicalstimulus
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Figure5-79: WaveletextractedAEP featureD 1 from the dataof patientPat1, consideringhe
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Figure5-80: WaveletextractedAEP featureD 3 from the dataof patientPat1, consideringhe
maintenanc@hase

The low frequencyAEP featuresD,, D; and D3 presentsimilar changesto the same
stimulus(Figures5-78 to 5-80). The amplitudeof the AEP featuresresponséo stimulusis

different accordingto the different features neverthelessthesefeatures(D,, D1 and D3)

seemto reflect the sametrend The surgical stimulus producesclear peaks and the

amplitudeof thesepeaksis relatedwith the intensity of the stimulus The responseof D,

(Figure 5-78) to the use of retractorsis notoriouscomparedwith the responseo a low

stimulussuchasa suture Whenthe surgicalprocedures at the endandthe patientstartsto

swallow (i.e. awaking, the AEP featurerisesto highervalues In fact, they havea similar

responsdo recoveryandto stimulus This leadsto the conclusionthat surgical stimulus
couldleadto anarousalof the patient

Figures5-81 to 5-83 showsomeof the high frequencyAEP features Ds, Ds; andDg4. The
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effect of surgicalstimulusis differentin the low and high frequencyAEP featuresIn the
detailedfeature Ds; (Figure 5-82), is clear the effect of diathermy In fact, the change
producedby diathermyobscuresll the effectsof otherstimuli, consideringthe amplitude

of thechange

The AEP featuredDs andD4 present greatevariability duringthe surgicalprocedurehan
the low frequencyfeatures(Figures5-81 and 5-83). The effect of the surgicalstimulusis
not easyto detect For example the useof retractorsat approximately6500 secondsloes
not have a great effect on the feature Ds, and is not detectedin featuresDs; and Da.

However this stimulushasa cleareffecton thelow frequencyfeatures
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Figure5-81: WaveletextractedAEP featureD s from the dataof patientPat1, consideringhe
maintenanc@haseandthedifferentsurgicalstimulus
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Figure5-82: WaveletextractedAEP featureDs; from the dataof patientPatl, consideringhe
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Figure5-83: WaveletextractedAEP featureD 4 from the dataof patientPat1, consideringhe
maintenanc@hase

In conclusion the AEP featuresreactto stimuluswith anincreasein amplitudeand this
appearsto be an instantreaction i.e. thereis no time-delay as was observedwith the
cardiovasculaparameters

The low frequencyAEP features D1, D, and D3, show a clear effect of the surgical
stimulus This couldbe usedto quantifythe stimuluseffectif moredatawould be available

sincethereareno previousstudieson the subject andthe anaesthetidtnowledgecannotbe
used In addition the remifentanil analgesicaction when preventingthe responseto

surgicalstimulus is notclearwhenconsideringhe CNS. It is not possibleto comparethese
resultswith experimentwithout the useof remifentani| therefore therelationshipbetween
surgicalstimuluscannotbe reasonablynodelled

The high frequencyAEP features D4, Ds andDs;, arenot affectedby surgicalstimulusin
the sameway as the low frequencyfeatures The effect of severalstimuli cannotbe
identified clearly, andthereis no trendbetweerthe responsandthe stimulusintensity.

A future studyon therelationshipbetweersurgicalstimulus analgesiandthe CNS would
be challengingand promisingwhen consideringdatafrom severalpatientsunderdifferent
conditions In this researchthe effect of surgicalstimuluson the AEP featureswill not be
consideredurther.
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5.6 Summary

The effectsof the analgesi@andanaesthetidrugson the cardiovasculaandcentralnervous
systemswere modelledusing different techniquesaccordingto the two main phasesf a
surgicalprocedurei.e. inductionandmaintenance

The induction phaseof anaesthesiavas modelled using the optimized Hill equation
models andcharacterizinghe influenceof remifentanilon the haemodynamicesponseso
intubation In this phase only the cardiovascularparametersAHR and ASAP were
modelled sincethe AEP cannotbe monitoredadequatelyuringinduction

The maintenancghasewas modelledusing TSK fuzzy modelswhich were trainedusing
ANFIS. Thesemodelsreflectthe effectandinteractionof thetwo drugson ASAP, AHR and
the wavelet extractedAEP features The synergisticinteraction betweenpropofol and
remifentanil has a major importanceon the drugs effect in the presenceof surgical
stimulus During the maintenancephase the surgical stimulus can be considered
continuous therefore the responsesf the patient are heavily influenced by the drugs
interaction

The ASAP and AHR TSK modelswere comparedwith optimized linear models which
modelthe effectsof propofolandremifentanilindependentlyTheresultsshowthatthereis
a synergistianteractionbetweernthe two drugs which is reflectedin the resultsof the TSK
models

The TSK modelsperformedadequatelywith all the parametergi.e. ASAP, AHR andthe
AEP feature$ presentingsmall errors and reflecting the drugs effect However these
modelsare only valid in the specifieddrug rangesfor the maintenancephase The drug
infusionratesduring maintenancef anaesthesitollow a specificprofile, soasto maintain
astableDOA in the presencef surgicalstimulus

The effect of surgical stimulus on the cardiovascularparameterswas modelled via
Mamdanitype fuzzy models using the anaesthetisknowledgeexpressedvith IF-THEN
rules First, the stimulus perceivedby the patientwas modelled in order to reflect the
analgesicaction of remifentanil Finally, the changeon the value of SAP and HR was
modelledsoasto reflectthe effectof the perceivedstimulus
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The responsef the AEP featuresto surgicalstimuluswasalso studied The AEP features
havedifferentresponseto the differentstimuli, accordingto its natureandintensity. There
is a major differencebetweerthe behaviourof the low frequencyersusthe high frequency
AEP features The effect of the stimuluson the AEP featureswasnot modelleddueto the
lack of information and data In addition it was found that thereis a time-delayin the
cardiovascularesponseso stimulus while the AEP featuregespondmmediately

In conclusion the patient model is constitutedby an induction phase model plus a
maintenancephase mode| describing the difference between these two phases of
anaesthesiarhe modelspresentedhn adequatgerformanceon the training and checking
datasets and seemto reflect the effect of the drugsand surgical stimulus This patient
modeldescribes typical patients behaviourduringa surgicalprocedure
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Fuzzy Control of Depth of Anaesthesia

6.1 Introduction

Theinfusionrate of the anaesthetidrug s titratedaccordingto the patients requirements
soasto maintaina certainlevel of depthof anaesthesiéDOA). The patients clinical signs
andor brain signalsareusedby the anaesthetisio determinethe adequatenfusionrate In
addition the anaesthetisalso establisheshe requiredinfusion rate of the analgesiadrug
basednthepatients responseo surgicalstimulus

A closedloop control systemof DOA will help the anaesthetistadjustingsimultaneously
the infusion ratesof the anaesthetiandanalgesialrugs The majority of the researchem
the areaare mainly concernedvith the automaticcontrol of the anaesthetidrug whereas
the analgesicis controlled manually by the anaesthetistHowever in this researchthe
objectiveis a multivariablecontrol structurefor bothdrugs

The patientmodelpresentedn Chapter5, describecadequatelyhe effectsandinteractions
of the two drugsin the presencef surgicalstimuli. This modelwill be usedto constructa

controlalgorithmrelatingto the administrationof both drugs The studyof the interactions
betweenpropofol and remifentanil helpsto determinethe ideal combinationof infusion

rates This studywill alsorepresent practicalguidefor the anaesthetistvhich would help

him/her learn how to adjustthe amountof drug infused and henceimprove the patients
comfort

In this chapter a multivariablefuzzy controllerwill be developedo establishthe required
infusion ratesof propofol and remifentanil First, the patientmodelwill be testedusinga
seriesof openrloop simulationswith different infusion profiles Second the closedloop
structure will be presented showing the links betweenthe patient mode| the DOA
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classifier (i.e. the fuzzy relational classifier presentedn Chapter3) and the controller.
Third, a SISO (singleinputsingle-outpu) fuzzy Pl controller of DOA is developed This
controller adjuststhe infusion rate of propofol accordingto the level of DOA with the
infusion rate of remifentanil kept constant The results of the fuzzy Pl controller are
comparedwith the results of a conventional Pl controller The parametersof both
controllersareoptimizedusinga geneticalgorithm(GA).

Finally, a multivariablefuzzy controller developedwith the anaesthetis$ cooperationis
presented This controller establishesthe infusion rates of propofol and remifentanil
simultaneoushpasedon the level of DOA, the concentration®f the drugsandthe surgical
stimuli. The performancef the controlleris testedunderdifferentconditions

6.2 Open-Loop Simulation Results

The patient model developedin Chapter5 was testedin openloop simulations with
different infusion profiles for propofol and remifentanil The operloop resultswith three
differentinfusionprofilesarepresentedn thefollowing sections

The simulationswere performedfor 7200 secondq120 minuteg with a samplingtime of
30 seconds The first 1500 secondsrelate to the induction phase followed by the
maintenanc@haselt is worth notingthattherecoveryphases not simulated

The fuzzy relational classifier (FRC) for DOA developedin Chapter3 is appliedto the
waveletextractedAEP features as determinedby the maintenancgphasemodel In the
inductionphase the FRC usesonly the cardiovasculaparameterdSAP and AHR for the
classificationof DOA, sincethe AEP featuresarenot modelledduringthis phase

6.2.1 Infusion Profile 1

Figure 6-1 showsthe infusion rate profiles for propofol and remifentanilusedin the first
simulation anddenotedas Infusion Profile 1. The propofolinfusion rateis very similar to
the profile of patientPatl, while the remifentanilinfusion rate follows a typical profile
duringa surgicalprocedurdi.e. high atinductionandconstantduringmaintenance
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Figure6-1: Propofolandremifentanilinfusionrateprofiles (Infusion Profile 1).

Figure 6-2 shows the effect concentrationof propofol as determinedby the effect

compartmenmodel using meanpopulationparametergseeChapterd). As expectedthe

effectconcentratiorof propofolis similar to thatof patientPatl (Figure5-2).

The effect concentratiorof remifentanilfor this infusion profile is presentedn Figure6-3.

The constantconcentratiorievel during the maintenancghaseleadsto a steadylevel of

analgesia
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Figure6-2: Propofoleffectconcentratiordor theinfusionrateprofile in Figure6-1.
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Figure6-3: Remifentanileffectconcentratiorior the infusionrateprofile in Figure6-1.
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Figure6-4: Systolicarterialpressurd SAP) andheartrate(HR) asdeterminedy the patientmode| using

theinfusionprofilesin Figure6-1.

Figure 6-4 showsthe HR and SAP as simulatedby the patientmodel| using the Infusion

Profile 1. The perceived stimulus level, according to the stimulus model and the

remifentanileffectconcentrationis presentedn Figure6-5.

The waveletextractedAEP featuresassimulatedby the patientmodelare usedto classify

the DOA level by the FRC during the maintenancghase The DOA level is shownin

Figure6-6.

The model performsadequatelydescribingthe effectsof the stimuluslevel on SAP and

HR. The effect concentrationsre within the rangesof the maintenancehaseandthis is

reflectedin themodelsresponse
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Figure6-5: Surgicalstimulus(solid line) andperceivedstimulus(dashedine) for theremifentanileffect
concentrationn Figure6-3, duringthe maintenanc@hase
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Figure6-6: Depthof anaesthesi€DOA) asclassifiedby the FuzzyRelationalClassifier(FRC) usingthe
waveletextractedAEP featureqInfusionProfile 1).

The DOA level as determinedby the FRC cannotbe comparedwith the anaesthetiss
classification sincethis is a simulatedinfusion profile. However the classificationis not
unreasonablasit reflectsthe AEP featuredrom themodel

6.2.2 Infusion Profile 2

Figure 6-7 showsthe infusion rate profiles usedin the secondsimulation and will be
referredto asInfusionProfile 2. It is worth notingthatthe remifentanilinfusionrateprofile
is the sameasin the previoussimulation (Figure 6-1). The propofol infusion rate profile
includesmore changesthan the one usedin the previoussection Therefore the model
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response&anbeanalysedaccordingo thedifferentpropofolchanges
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Figure6-7: Propofolandremifentanilinfusionrateprofiles (Infusion Profile 2).
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Figure6-8: Propofoleffectconcentratiorfor theinfusionrateprofile in Figure6-7.

Figure 6-8 showsthe effect concentrationof propofol reflectingthe changesn infusion
rate The remifentanil effect concentrationis the sameas in Figure 6-3. Therefore the
perceivedstimulusis the sameasin Figure6-5, sincethe samesurgicalstimulusprofile is
used

The cardiovasculaparametersSAP and HR are presentedn Figure 6-9. Analysing the
figure, one can seethe first increasein SAP and HR in responsdo the decreasen the
propofol effect concentrationand the subsequentlecreasen SAP dueto the increasen
concentrationThis is alsonoticeableafter 6000 secondswhentheincreasean the propofol
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concentratioreadsto a decreasen the cardiovasculaparametersTherefore the patient
model reflects the propofol effect concentrationtrend if one considersthe constant
remifentanileffect concentrationlt is alsoworth noting that the different simulationsuse
differentbaselingfor SAP andHR, provingthatthe modelis not dependenbn the baseline
valuessinceit usesA values

The DOA level, as classifiedby the FRC usingthe modelled AEP features is shownin
Figure6-10.
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Figure6-9: Systolicarterialpressurd SAP) andheartrate(HR) asdeterminedy the patientmode| using
theinfusionprofilesin Figure6-7.
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Figure6-10: Depthof anaesthesi€DOA) asclassifiedby the FuzzyRelationalClassifier(FRC) usingthe
waveletextractedAEP featureqInfusionProfile 2).
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6.2.3 Infusion Profile 3

Figure 6-11 showsthe infusion rate profiles of propofol and remifentanil for the third
simulation which will be referredto as Infusion Profile 3. In contrastwith the other
simulations the remifentanilprofile is not constanthere The propofol infusion rateis the
sameasin the Infusion Profile 2 (Figure 6-7), with the respectiveeffect concentratiorin
Figure6-8.
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Figure6-11: Propofolandremifentanilinfusionrateprofiles (Infusion Profile 3).
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Figure6-12; Remifentanileffectconcentratiorfor theinfusionrateprofile in Figure6-11.
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The remifentanileffect concentratiorfor this infusion profile is presentedn Figures6-12.
The changesn the remifentanilinfusionrateproducevariationsin the effectconcentration
The effect of such variationswill be analysedby comparingthe model results using
Infusion Profile 3 with theresultsusingInfusionProfile 2.
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Figure6-13: Systolicarterialpressurd SAP) andheartrate(HR) asdeterminedy the patientmodel|
usingtheinfusionprofilesin Figure6-11.

Figure6-13 showsthe cardiovasculaparameterSAP andHR asdeterminedy the patient
model using Infusion Profile 3. The increasein SAP and HR at approximately 2000

secondsis due to the decreasdan the propofol effect concentration Thereis a gradual
changein the valuesof SAP representinghe gradualdecreasen propofol concentration
(seeFigure 6-8). The changein HR is more moderate this is expectedsinceHR is less
sensitiveto such changes The remifentanil effect concentrationshows a rapid trend
comparedwith propofol due to the rapid onsetand offset of the action of the analgesic
Thesesharpvariationsin the remifentanilconcentratiorresultin abruptchangesn SAP.

For example the sharpdecreasdn SAP at approximately4400 secondsis due to the

increasen the remifentanilconcentrationpotentiatingthe effect of propofol at a medium
concentrationThis is alsonoticeableat approximately3400 secondsvhenthe remifentanil
effectconcentratiomeacheghe lowestvalug andthereis anincreasdan SAP. As expected
the effect of propofolis predominantaindreflectedin the gradualchangesf SAP andHR

following the increasesand decrease®f the effect concentration(seethe time between
5500 and7000 seconds

Figure 6-14 showsthe perceivedstimulus and the surgical stimulus determinedby the
stimulusmodelaccordingto the effect concentratiorof remifentanilfor Infusion Profile 3.
Theperceivedstimulusis similar to thatobtainedwith the constantemifentanilprofile (see
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Figure6-5), sincetheremifentanileffectconcentrations still within the Medium rangeof
the stimulusmodel(seeFigure5-57).

—— Surgical Stimulus
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Figure6-14: Surgicalstimulus(solid line) andperceivedstimulus(dashedine) for the remifentanileffect
concentrationn Figure6-12, duringthe maintenanc@hase
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Figure6-15; Depthof anaesthesiéDOA) asclassifiedby the FuzzyRelationalClassifier(FRC) usingthe
waveletextractedAEP featureqInfusionProfile 3).

The waveletextractedAEP featuresasdeterminedby the patientmode| wereusedby the
FRC to classify the DOA level during the maintenanceghase The resultis presentedn
Figure6-15. The DOA profile is the sameasin the previoussimulation(Figure6-10) until
approximately4100 secondsiueto the effect of propofol However the DOA level using
Infusion Profile 3 returnsto the OK level laterthanthatof Infusion Profile 2. Thisis dueto
the higher remifentanilconcentratiorthat potentiateghe effect of propofol The level of
DOA reacheghe OK level at approximately4900 secondswhen the remifentanil effect
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concentratiorstabilizes

6.3 Closed-L oop Structure

Thefinal objectiveof an advisorsystemin anaesthesis to determinethe infusion rate of
the anaestheti@and analgesiarugs in orderto achieveand maintainan adequatdevel of
DOA. Figure 6-16 shows the implementationdiagram of the advisor systemin the
operatingtheatre The system(implementedon a PC) gathersinformation from the AEP
amplifier and the anaesthesianonitor (in this casethe DatexEngstrom AS/3) which

measureshe cardiovasculaparameters

Datex Anaesthesia 3 sthetist

Eemifentanil Infision Rate

Propofol Infusion Rate

Figure6-16: Implementatiordiagramof the advisorsystemin the operatingtheatre

The AEP are processediy averagingand filtering, after which multiresolutionwavelet
analysisis usedto extracta setof features This setof waveletextractedAEP featuresand
the cardiovasculaparametersA\HR and ASAP are usedby the fuzzy relational classifier
(FRQ to determinethe DOA. The DOA level in addition to the information aboutthe
surgical stimulusintroducedto the systemby the anaesthetistare usedto determinethe
adequatenfusion rate of the two drugs(i.e. propofol and remifentani). In otherwords a
multivariable controller would advisethe anaesthetisaboutthe requiredchangesn the
infusion rate of both drugs This information would be transmittedto the two infusion
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pumps(Graseby3500), which administerthe drugsto the patient

An advisorsystemneedsto be developedandtestedin simulationsbeforetransferto the
operatingtheatre Therefore an adequatepatientmodel is paramountfor suchreaktime
softwaredevelopment

The closedloop simulation systemlinks the patient mode| the FRC of DOA and the
control algorithms Figure 6-17 shows the block diagram comprising of the different
componentf the closedloop systemduring the maintenancehaseof anaesthesiarhe
patient model is divided into pharmacokineticand pharmacodynamicmodels The
compartmentalpharmacokineticmodels which use the mean population parameters
determinethe plasmaconcentrationof both drugsindependently The pharmacodynamic
modelcompriseghe effectcompartment®f the two drugsanda structureof fuzzy models
This fuzzy structuremodelsthe waveletsextractedAEP featuresand the cardiovascular
parameterérom the effect concentrationgndthe surgicalstimulus accordingto the drugs
interactionandthe effectsof the different stimuli intensity Thesemodelledparametersre
thenusedby the FRC to classify DOA. Finally, a control structuremaintainsan adequate
DOA level by adjustingtheinfusionratesof propofolandremifentani which aretheinputs
to the patientmodel
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} L g macokinetic #  Effect - 1 :
i P Ilodel » Compartments | Effect 7| Models : iﬁ S4R
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Controller - (BRG] :
FRemifentanil imfiision rate -

Figure6-17: Block diagramof the closedloop simulationsystem

The following sectionsfocuseson the developmenbf the DOA controller. First, a SISO
fuzzy PI controlleris developedusingonly the infusion rate of propofol andby assuming
that the analgesiadrug is manuallycontrolledby the anaesthetistSecond a multivariable
control structure is developed which establishesthe infusion rate of both drugs
simultaneously It is worth noting that the control action concernsonly the maintenance
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phasadueto thedifferencesdbetweerninductionandmaintenancasexplainedn Chapterb.

6.4 SISO Fuzzy Pl Controller

Feedbaclkcontrol hasprovedto be an effective and convenientclinical tool for optimizing
theroutinedelivery of anaestheticéVestenskow1997). Control systemshouldreducethe
inductiontime, delivera minimumamountof drug andavoid costly delaysfrom failing to
keepthe patientin adesiredstate

A fuzzylogic controllermayberegardedcasa meansf emulatinga skilled humanoperator
It providesa meansof convertinga linguistic control strategybasedon expertknowledge
into andautomaticcontrol strategy(Lee, 1990a, b). AppendixB presentghe basicconcepts
of fuzzylogic andfuzzylogic basedcontrol

A fuzzy proportionalintegral (PI) controller is designedto control the changein the
infusion rate of the anaesthetidrug propofol in orderto achieveand maintaina steady
level of DOA andto reducethe amountof druginfused Figure6-18 showsthe closedloop
systemdiagramwith theimplementatiorof thefuzzy PI controller.

Anaesthetist's
Eermifentarnl ASAP
; Fuzzy
Infision Rate i DA
———| Patient Model | AHR Relational ﬁm’u P]}
Classifier LI
AEP

features

Propofol Infusion Rate

Figure6-18: Implementatiordiagramof the fuzzy PI controllerof DOA.

The controlleris activatedonly at the startof the maintenanc@hase The propofolinfusion
profile, during the induction phase was set by the anaesthetistin other words the loop
remainsopenduringinductionbutis closedduring maintenanceThe recoveryphases not
simulatedcherefor duringthis phaseno drugsareadministered

The analgesiarug remifentanilis administeredat a fixed profile assetby the anaesthetist
accordingto a typical surgicalprocedureFigure 6-19 showsthe remifentanilinfusion rate
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usedin closedloop simulations The correspondingremifentanil effect concentrationis

presentedin Figure 6-20. The steady effect concentrationof remifentanil during the

maintenanc@haseprovidesa constantevel of analgesia
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Figure6-19: Remifentanilinfusionratesetfor atypical surgicalprocedure
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Figure6-20: Remifentanileffectconcentratiorfor theinfusionprofile in Figure6-19.

In general researchersare only concernedwith the control of the anaestheticdrug

developingdifferent typesof complexcontrollers(Asterothet al., 1997; Backory, 1999;

Gentilini et al., 2001a; Linkens and

Rehman 1992). However simple fuzzy logic

controllershavebeenprovento give alsogood control (Allen and Smith, 2001; Huanget
al., 1999; Mortier et al., 1998; Webbet al., 1996).

In this researcha fuzzy PI controllerd

etermineghe infusion rate of propofol during the

maintenancghasebasedon a patientmodel which considersthe drug s interactionwith

remifentanil The structureof thefuzzy PI controlleris presentedn the nextsection
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6.4.1 Fuzzy PI Controller Structure

The fuzzy PI controllerusesthe error (targetDOA minusmeasuredOA) andthe change
of error asinputs The output of the controller is the changein propofol infusion rate

Figure6-21 showsthe structureof a fuzzy Pl controller w is thetargetDOA level (i.e. the

OK level=3); eis theerror, Au is thechangen infusionrate u is theinfusionrateandy is

the DOA level (outputof the FRC). G; andG; arethe scalingfactorsfor the errorandthe
changeof error, respectively As mentionedpreviously five DOA levelsareconsiderednd
representeds 5-Deep 4-OK/Deep 3-OK; 2-OK/Light and1-Awake

Vé

Ivlodel yo

Controller

hd

Fuzzy A k)
gl

Figure6-21: Structureof afuzzy Pl controller.

The fuzzy PI controllerusesa setof 25 IF-THEN rulesto control the changein infusion

rate with five output membershipfunctions The controllers rule-baseis presentedn
Table6-1.

Table6-1: Rule-baseof thefuzzy Pl controllerfor DOA. Theinputsarethe errorandthe changeof error,
andthe outputis the changean propofolinfusionrate

Changeof error

Error [NB NS ZE PS PB
NB |NB NB NB NS ZE
NS |[NB NS NS ZE PS
ZE |[NB NS ZE PS PB
PS |NS ZE PS PS PB
PB |ZE PS PB PB PB

The membershigunctionsarelabelledas NegativeBig (NB), NegativeSmall (NS), Zero
(ZE), Positive Small (PS and Positive Big (PB). Figures 6-22 and 6-23 show the
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membershigunctionsfor the controllerinputs errorandchangeof error, respectively The
inputvariablesarenormalizedbetweer|-1, 1].
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Figure6-23: Input membershigunctionsdescribingthe changeof error, in the fuzzy Pl controller.

Figure 6-24 showsthe output membershipfunctionsfor the changein propofol infusion
rate which is normalizedbetween[-1, 1]. The maximum level for the changein the
infusion rate was set to 4000 mg/h consideringthe maximum conditionspre-set by the
anaesthetisiThe outputcontrol surfaceof this fuzzy PI controlleris shownin Figure6-25.

The next stepin the controllefs designis to obtainadequatevaluesfor the scalingfactors
G andG;. The performancef thefuzzy Pl controlleris affectedby the choiceof theinput
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scalingfactors hence anoptimizationprocesss required
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Figure6-24: Outputmembershigunctionsdescribingthe changeof propofolinfusionrate in thefuzzy
Pl controller.

Change in Infusion Rate
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Figure6-25: Outputsurfaceof thefuzzy Pl controller.

6.4.2 Perfor mance I ndex

The scalingfactors G; and G, were optimizedusing a performanceindex and a genetic
algorithm(GA).

A performanceindex is a quantitativemeasureof the performanceof a system and is
chosenso that emphasiss given to the important systemspecifications The integral of
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time versusthe absoluteerrorindex (ITAE) is shownin Equation6-1. This index matches
theintuitive expectationsby penalizingthe erroraccordingto time.

ITAE = 3 Kle(K)| 6-1

The ITAE index was modified to include information aboutthe control action this new
indexis referredto asITAE u. Thefollowing formulawasused

ITAEM = 41>, Kle(K) |+ 42> o u(k) 6-2

wheree(k) is the error, u(k) is the propofolinfusionrateandN is the numberof simulation
samplesThe weightingparameterd; and A, werechosento placemoreemphasion the
error or on the infusion rate so that an ideal balancebetweenboth can be reached(i.e.
stableDOA anda smoothinfusionratg. The ITAE v waschoserasthe performancendex
to evaluatehefuzzy Pl controller s performance

The objectiveis to obtain a setof valuesfor Gi1 and G, that minimize the performance
index Geneticalgorithms(GAs) are searchalgorithmsbasedon the mechanicf natural
selectionand naturalgenetics They do not require a precisemathematicaimodel of the
system(which doesnot exist in this cas@ but insteaduse the objective function values
associateavith individual strings(Goldberg 1989; LinkensandNyongesal995).

The GAs work with a coding of the parameteset(not the parametershemselvel search
from a populationof points usepayoff (i.e. objectivefunction) informationy derivationsor
other auxiliary knowledgeare not required and use probabilistic transitionrules These
factorsdifferentiateGAs from the othersearchmethods A simple GA hasthreeoperators
reproductioncrossoverandmutation The generalstructureof a GA is presentedn Figure
6-26.

A simple GA wasusedto minimize the ITAE v index (fithesg. The GA wasimplemented
using MATLAB for a populationsize of 40 strings(representing pair of valuesG; and
G2) eachof length20 (i.e. 20 bits), with a probability of crossovenf 0.95 anda probability
of mutationof 0.06. The implementedGA wasallowedto run for 50 generationsFigure
6-27 showsthefitnesscurverelatingto anexperiment

Theoptimizationwasrun with theparameterd: = 0.4 andA, = 0.6, whichwerefoundto
be representativef the specificationdor the control system giving a biggerweightto the
infusionrateprofile. Thefollowing intervalswereused G; € [0,10] andG; € [-10,10].
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The GA basedoptimizationled to the valuesof G; = 0.3754 and G, = 7.7713 with a
minimumITAE v indexof 16.82.

Random Population
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Figure6-26: Generalkstructureof a genetic
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Figure6-27: Fitnesscurveof the 50 generation®f the GA. The performancéndexwascalculatedwith
A1=0.4 andA2=0.6.

6.4.3 Results

The results of the closedloop simulation using the fuzzy PI controller with the GA
optimizedparameter$G; = 0.3754 and G, = 7.7713), areshownin Figures6-28 to 6-31.
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The propofol infusion rate profile usedduring the induction phaseis the sameasthe one

usedwith patientPatl (seeFigure5-1). The controlleris activatedat 1500 secondsi.e. at

thebeginningof the maintenanc@hase

Figure 6-28 showsthe level of DOA for the closedloop simulation The OK DOA level is

achievedat 1740 secondsindmaintainecconstanthereafter
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Figure6-28: DOA level usingthefuzzy PI controllerwith G1=0.3754 and G=7.7713.

Figure 6-29 showsthe propofol infusion rate for the simulation The fuzzy Pl controller

kepta constantinfusion rate of 0.1923 mg/s after 1740 secondsThe total amountof drug

infused during the maintenancephasewas of 536.5 mg. Figure 6-30 showsthe propofol

effect concentratiorduring the simulation The constantpropofol infusionrateled to what

canbedescribedhsa steadyeffectconcentration
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Figure6-29: Propofolinfusionratefor thefuzzy PI controllerwith G1= 0.3754 and G=7.7713.

The cardiovascularparametersfor this simulation are shown in Figure 6-31. The

haemodynamicstability during the maintenancephaseis the result of the steadyeffect
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concentration®f the two drugs The small peaksin the SAP andHR dataare dueto the
surgicalstimulusmodel

This combinationof propofol and remifentanil effect concentrationgesultsin a stable
DOA level, correspondingo a steadycardiovasculaandCNS depression
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Figure6-30: Propofoleffectconcentratiorior the infusionrateprofile in Figure6-29.
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Figure6-31: Systolicarterialpressurd SAP) andheartrate(HR) from the patientmodelusingthe
propofolinfusion profile in Figure6-29.

6.4.4 Comparison with a Conventional Controller

The fuzzy PI controller performancewill be comparedwith the performanceof a
conventionalPl controller The ITAEn index will be usedto analysethe performanceof
both controllers SomeresearchersiseconventionalPID controllers however in medical
applicationsthe derivativeterm can be a problembecauseof noise The derivativeterm
reactsto the noisein the measuremendf the controlledvariable changingthe controller
outputasa functionof noise(Westenskow1997).
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The next sectionpresentsthe structureof the conventionalPI controller and its results
duringa closedloop simulation

6.4.4.1 Conventional Pl Controller

Theoutputof a conventionaPI controllercanbe written asfollows:

u(t) = Kpe(t) + Ki [ e(t)dt 6-3
O Kk, 004 ki) 6-4

whereK, andK; arethe proportionalandintegraltermsrelatingto the controller, ande is
theerror. Foradigital controlleronecanwrite:

Au(k) = u(k) — u(k— 1) = KpAe(K) + Kie(k) 6-5
u(k) = u(k — 1) + KpAe(k) + Kie(k) 6-6

The conventionalPl controller has the changein control action as the output i.e. the
changean the propofolinfusionrate

The GA was also usedto optimized the parameter, and K; for the conventionalPI
controller, usingthe ITAE v indexwith 41 = 0.4 and 4, = 0.6 (Equation6-2). The same
specificationsasfor the fuzzy PI controllerwereusedin the GA parametepptimizationfor
theconventionaPI controller.

The GA basedoptimizationled to the valuesof K, = 0.7918 and K; = 1.3763 with a
minimumITAE v indexof 17.07.

The closedloop simulation results for the conventional Pl controller are presentedin
Figures6-32 to 6-35. Figure6-32 showsthe DOA level for the closedloop simulation The
OK DOA level is achievedat the sametime as with the fuzzy Pl controller (i.e. 1740
secondy Figure6-33 presentghe propofolinfusionrate which is keptat a constantevel
of 0.1979 mg/s after 1740 seconds The total amount of drug infused during the
maintenanc@hasewasof 552.1 mg.

Figure 6-34 showsthe correspondingpropofol effect concentration The graph showsa
continuousncreasen the effectconcentratiorafterapproximately2000 seconds
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Figure6-32: DOA levelusingthe conventionaPl controllerwith K= 0.7918 and K;=1.3763.
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Figure6-33: Propofolinfusionratefor the conventionalP!| controllerwith Kp=0.7918 and K;=1.3763.
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Figure6-34: Propofoleffectconcentratiorfor theinfusionrateprofile in Figure6-33.

The cardiovasculaparametergor this simulationare presentedn Figure 6-35. Thereis a
slightdecreasén SAP correspondingo theincreasan the propofoleffectconcentration
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Figure6-35:; Systolicarterialpressurd SAP) andheartrate(HR) from the patientmodelusingthe
propofolinfusion profile in Figure6-33.

The DOA level is the sameusingthe conventionabr the fuzzy PI controller However the

performancandexis smallerfor the fuzzy Pl controllerdueto the smalleramountof drug

infused 536 mg versuss52 mg of the conventionaPI controller. In addition the higherthe

infusion rate used by the conventionalPI controller the greaterthe depressionin the
cardiovasculaparametersvill be The meanvalue of SAP during the maintenancehase
wasof 92.7 mmHgusingthe fuzzy PI controllerversusa meanvalueof 91 mmHgwith the
conventionalPI controller Therefore the fuzzy Pl controller can be consideredto be a

moreeffectiveoptionfor the patientdueto the smalleramountof druginfused

The fuzzy PI controller hasthe ability to respondto unexpectedlisturbanceswhich can
happenn the operatingtheatreandthatarereflectedin the DOA level. In the nextsection
theresultsof bothcontrollersto setpointchangegi.e. DOA targetlevel) arecompared

6.4.4.2 General Results

The performanceof the fuzzy PI controller is comparedwith the performanceof the
conventionaPl controller, consideringheresponséo a changen the DOA targetlevel.

For testpurposesthe DOA targetlevel waschangedo OK/Deep(i.e. 4) at 3000 seconds
and changedback to the OK level (i.e. 3) at 3210 seconds The responsesf both
controllersto this setpoint changeareshownin Figures6-36 and6-37.

The DOA level (Figure 6-36) usingthe fuzzy PI controllerachievesghe OK/Deeplevel at
3120 seconddi.e. 2 minutesafterthe setpoint changeto OK/Deep andreturnsto the OK
level at 3720 seconds(i.e. 8.5 minutes after the set point changeto OK), while the
conventionalPI controller reacheghe OK/Deeplevel at 3090 secondsand returnsto the
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OK level at 4230 secondsThe conventionaPI controlleris fasterin respondingo the first
set point changeto OK/Deep 1.5 minutesversus2 minutesin the caseof the fuzzy PI
controller Neverthelessthis is a small time differenceof only 30 secondsHowever the
conventionalPI controllertakesmore 8.5 minutesto returnto the OK level thanthe fuzzy
Pl controller In total, theconventionaPI controllerneedsl7 minutesto reachthe OK level
after the set point changeat 3210 secondsthe DOA level is a reflection of the propofol
infusionrateof bothcontrollers(seeFigure6-37).
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Figure6-36: DOA level usingthefuzzy PI controller(solid line) andthe DOA level usingthe
conventionaPI controller(dashedine) duringthe maintenanc@hase Setpoint changeto OK/Deepat
3000 secondsandbackto OK at 3210 seconds
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Figure6-37: Propofolinfusionrateof thefuzzy PI controller(solid line) andthe propofolinfusionrate of
theconventionaPI controller(dashedine) duringthe maintenanc@hase Setpoint changeto OK/Deep
at 3000 secondsindbackto OK at 3210 seconds
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The conventionalPI controllerrespondgo the setpoint changefrom OK to OK/Deepwith
a significantly higher propofol infusion rate thanthe fuzzy PI controller, which leadsto a
higher propofol effect concentrationseeFigure 6-38). The fuzzy PI controlleris able to
maintainthe OK/Deeplevel at a smallereffect concentratiorleadingto a fasterreturnto
the OK level whenrequired The total amountof propofolinfusedduring the maintenance
phasewas of 548.5 mg and 621.5 mg with the fuzzy and conventionalPI controller,
respectively
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Figure6-38: Propofoleffectconcentratiorusingthe fuzzy PI controller(solid line) andthe propofol
effectconcentratiorusingthe conventionaPI controller(dashedine) duringthe maintenancehase Set
pointchangeo OK/Deepat 3000 secondsaindbackto OK at 3210 seconds

The DOA level obtainedusing the conventionalPI controller has a significant larger
duration in the OK/Deep level, as a results of the high propofol infusion rate and
correspondingeffect concentrationthis is consideredo be unsafe Overall the fuzzy PI
controllerperformsbetterthanthe conventionaPI controller.

6.5 Multivariable Fuzzy Control

In general propofolis usedfor maintenancef anaesthesian combinationwith an opioid,
hence the anaesthetisis confrontedwith the dilemmaof whetherto vary propofol or the
opioid. Zhang et al. (1998) reported on a closedloop system for total intravenous
anaesthesiady simultaneouslyadministering propofol and fentanyl They studied the
interactionbetweenpropofol and fentanylfor loss of responsedo surgicalstimuli usingan
unweightedeastsquaresionlinearregressioranalysiswith humandata A look-up table of
optimal and awakeningcombinationsof concentrationsvas built, and usedto determine
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the fentanylsetpoint accordingto the propofol setpoint To our knowledge this is one of
theonly studiesin simultaneougontrol of anaesthetiandanalgesiarugs

Multivariable controllersare not easyto design Thereare severalstudieson the designof
multivariable controllers however very few target biomedical systems Yeh (1999)
designeda multivariable fuzzy logic controller using a systematicmethodbasedon the
negative gradient of a system performanceindex This approachwas applied to a
two-invertedpendulumsystem

King et al. (1994) describedanintegrateddevelopmensystemwhich permitsthe controller
designerto testhypothesisexaminethe effect of changesn the controllerparametersand
performa completeoff-line simulationof a proposedmultivariablefuzzy controller This
systemwas appliedto industrial processesnd testedoff-line with mathematicaimodels
Another study on multivariablefuzzy control systemss the one by Jeonand Lee (1995).
They developeda coordinatorfor the controller, which decidesthe dimensionof the
relationalmatrix usingindicesof applicability. A numericalexampleis presenteghowing
thatthe coordinatorcould preventa largeamountof inferenceerror.

Guanet al. (2001) designeda multivariablefuzzy controllerfor the laminalcooling process
of hot rolled glab. This is a hybrid/statistical multivariable control system testedin
simulationandpracticalexperimentsThecontrollerled to arobustperformance

Linkens and Nyongesa(1996) developeda hierarchicalmultivariablefuzzy controller for
learningwith GAs. This controllerwas appliedto a simulationcasestudyin anaesthesja
usingmathematicamodelsdescribingthe actionof atracuriumandisoflurane(i.e. amuscle
relaxant and an inhalational anaesthetic This structure decomposesa complex
multivariablefuzzy controllerinto severakimplefuzzy controllers

Fuzzy controllers are also used as gain scheduling approximatorsfor multivariable
controllers(Blanchettet al., 2000; Changand Fu, 1997; Chenand Chen 1991; Palmand
Rehfuess 1997). Fuzzy rules and reasoningcan be utilized ontline to determinethe
controllerparameterdasedn theerrorsignalandits first difference(Zhaoet al., 1993).

A review of conventionalandfuzzy gain schedulingtechniquesds presentedy Tan et al.
(1997). Theyreporton theimprovemenbf the newneurafuzzy gainschedulingover other
gainschedulingmethods Viljamaa (2000) did his PhD thesison fuzzy gain schedulingand
tuning of multivariablefuzzy control with anoverviewof the methodsof fuzzy computing
in control systems The examplespresentedby Viljamaa (2000) have well defined
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mathematicainodelsandinformationaboutthe modelsis usedin thetuningprocess

Many of the researchementionedaboverely on mathematicamodels The complexity of
biomedicalsystemgendersthe task of control designmoredifficult. The highly nonlinear
systembehaviourand partly unknowndynamicsare an areawhere fuzzy modelling and
control methodscanplay an importantrole. The availablequalitativeoperatorand design
knowledgecanbeimplementedisingfuzzy logic (VerbruggerandBruijn, 1997).

The anaesthetis$ knowledgeand experiencecan be incorporatedinto the fuzzy control
systemas a set of linguistic rules In addition the interactionbetweenremifentaniland
propofolintroducesinformationthat could be usedto determinethe adequateeombination

of thetwo drugs

A multivariable fuzzy controller was developedwith the anaesthetistoordination A
simplified linguistic schemeof the controllercanbe describedasfollows:

e |f DOA is OK then no change;
« |f DOA is light andif:
o stimulusthen increase remifentanil;
o no stimulusthen increase propofol;
o If DOA is deepandif:
o no stimulusandremifentanilhigh then decrease remifentanil;
o no stimulusandremifentanilnormalandpropofol high then decrease propofol;
o no stimulusandremifentanilnormalandpropofolnormalthen decrease remifentanil;
o stimulusandpropofol high then decrease propofol andincrease remifentanil;

o stimulusandpropofolnormalthen decrease remifentanil.

It is importantto notethata minimum effect concentratiorof propofol andremifentanilis
requiredatall times in orderto ensureunconsciousnesmdpreventarousal

The structure of the multivariable fuzzy controller for DOA, with simultaneous
administratiorof propofolandremifentanilis presentedn moredetailsin the nextsections

6.5.1 Multivariable Fuzzy Controller Structure

The multivariable fuzzy controller for DOA comprises three different blocks
correspondingo the three possiblevaluesof DOA, i.e. the DOA level is the targetlevel
(i.e. OK), or the DOA is lighter than the desired(i.e. OK/Light or Awake level), or the
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DOA is deeperthan the desired(i.e. OK/Deep or Deep level). The controller will act
differently accordingto thesethreestages

Consideringthe three different possibilities for the level of DOA, the structureof the
multivariablefuzzy controlleris asfollows:

e |f DOA isat thetarget level:
- AUpropotal IS determineddy the SISOfuzzy Pl controller,
- AUrenifentanit = 0.

o If DOA islight:

- no stimulus present: Aupropotol 1S determinedby the SISO fuzzy Pl controller, and
AUrenifentanil = 0;

- stimulus present: Aupropotol = 0, and AUrenifentanil IS increasedusing the remifentanil
rule-basel.

e |f DOA isdeep:

- no StImU|US pre%nt and Ceremifentann |S hlgh AUpr0p0f0| = O, and
AUremifentanii = —0.025 pg/kg/min;

- no stimulus present and Cerenifentanit 1S Normal and Cepropofol 1S high: AUpropotol 1S
determinedy the SISOfuzzy PI controller, and Auyenifentanit = O;

- no stimulus present and Cerenifentanii IS normal and Cepropotor IS NOrmal:
AUpropofol = 0, andAurenifentanii = —0.001 pg/kg/min;

- stimulus present and Cerenitentanil 1S high and Cepropofol 1S NOrmal: Auproporol = 0, and
AUrenifentanilt = —0.025 ug/kg/min;

- stimulus present and Ceremifentanil 1S Normal and Cepropofol 1S NOrmal: Aupropofol = O,
andAUremifentanilt = —0.001 ug/kg/min;

- stimulus present and Cepropotor 1S high: Aupropotol IS determinedoy the SISOfuzzy Pl
controller and Auremifentanil 1S increasedisingthe remifentanilrule-base2.

where Aupropofal 1S the changein propofol infusion rate Aurenmitentanii IS the changein
remifentanilinfusionrate Ceremitentanit 1S the remifentanileffectconcentrationand Cepropofol
is the propofol effect concentration The SISO fuzzy PI controller is the controller
developedn Section6.4. The remifentanilrule-basel andrule-base2 which determinethe
changein the remifentanilinfusion rate accordingto the perceivedstimulusintensity and
thechangen DOA error, arepresentedn the following sections
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The presencef stimulusis establishedccordingto the stimulusintensity. A value below
0.25 is consideredas no stimulus becausea stimulusintensity below this value hasvery
little, if any, influencein the cardiovasculaparametersThevalueof 0.25 is the peakof the
VeryLow membershigunctionin the perceivedstimulusmodel(seeFigure5-59).

The rangesof the remifentanil effect concentrationwere establishedaccordingto the
perceivedstimulusmodelandarethefollowing:

 High: Ceremifentanit > 6 ng/ml;
e Normat Cerenifentanii betweerd-6 ng/ml;
e Low: Ceremifentanil < 4 ng/ml.

The propofoleffectconcentratiorwasclassifiedasfollows:

o ngh Cepr0p0f0| > 3520 nglml,
e Normat Cepropotol DEtWeer2500-3520 ng/ml;
o LOW Cepropofo| < 2500 ngml.

The decrementsn the remifentanilinfusion rate of 0.025 ug/kg/min were decidedupon
using literatureresults The value of 0.001 ug/kg/min was consideredadequateso asto
producethe desiredeffectwithout any detrimentalkeffecton thelevel of analgesia

Minimum propofol and remifentanil effect concentrationsare required The minimum
values were establishedas 2250 ng/ml and 3.5 ng/ml for propofol and remifentani
respectivelylf the effectconcentrationseachtheseminimumyvalues thentheinfusionrate
of propofol and remifentanil will be increasedby 0.2 mg/s and 0.025 ug/kg/min,
respectively The incrementof 0.2 mg/s for propofol was chosenbasedon the infusion
profilesanalysed

The next two sectionsdescribethe remifentanil rule-base 1 and rule-base 2 of the
multivariablefuzzy controllerstructure

6.5.2 Remifentanil Rule-Base 1

The remifentanil rule-basel determinesthe incrementin the remifentanil infusion rate
whenthe DOA level is light in the presenceof stimulus The rule-baseis shownin Table
6-2, andusesthe perceivedstimulusandthe changein DOA errorto establisitheincrease
in theremifentanilinfusionrate
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The stimulusintensity is labelled Low, Medium and High, accordingto the membership
functionsin Figure 6-39. Figure 6-40 showsthe membershigunctionsfor the changein
DOA errorlabelledas Negative(N), Zero(ZE), PositiveSmall (PS andPositiveBig (PB).
Thesefuzzy partitionsreflectthe changein DOA errorconsideringhatthelevel of DOA is
lighter thanthe set point While a negativevalueis only the resultof a changefrom the
Awaketo the OK/Light level, therearedifferentpossibilitiesfor a positivechangeof DOA
error. Therefore one needsto differentiatebetweenthe positive valuesof the changeof
error.

Table6-2: Rulebasel describingthe changan remifentanilinfusionrateusingthe stimuluslevel and

thechangeof DOA error.
Changeof error
Stimulus| N ZE PS PB
Low PS PS PM PB
Medium | PS PM PM PB
High |PM PB PB PB
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Figure6-39: Input membershigunctionsdescribingthe stimuluslevel.
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Figure6-40: Input membershigunctionsdescribingthe changeof DOA error, for rule-basel.
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The changein remifentanil infusion rate is describedas Positive Small (PS, Positive
Medium (PM) and Positive Big (PB). The outputmembershigunctionsfor the changein
remifentanil infusion rate are shownin Figure 6-41, followed by the output surfaceof
rule-basel in Figure 6-42. The output surfaceshowshow the remifentanilinfusion rate
changesaccordingto the stimulusintensity and the changein DOA error. When DOA is
light, higher changesin remifentanil infusion rate are requiredin order to respondto
stimulusandincreasdhelevel of DOA.
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Figure6-41: Outputmembershigunctionsdescribingthe changen remifentanilinfusionrate
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Figure6-42: Outputsurfaceof rule-basel, describingthe changean remifentanilinfusionrate

The changein remifentanil infusion rate is normalized between[0,1], however the
maximumvalueof the variablewasestablishe@s0.03 ug/kg/min.
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6.5.3 Remifentanil Rule-Base 2

The remifentanilrule-base2 is usedwhenthe DOA is deep however thereis stimulus
presentand an incrementon the remifentanil infusion rate is necessaryRule-base?2 is
shownin Table6-3. The perceivedstimuluslevel andthe changein DOA errorareusedto
determine the change in remifentanil infusion rate similarly to rule-base 1. The
membershipfunctionsfor the stimulusintensity are the sameas for rule-basel, and are
shownin Figure6-39.

Table6-3: Rulebase2 describingthe changan remifentanilinfusionrateusingthe stimuluslevel and
thechangeof DOA error.

Changeof error

Stimulus | NB

NS

ZE

P

Low PS
Medium | PS
High PS

PS
PS
PM

PS
PM
PM

PS
PM
PB

The changeof error is labelled NegativeBig (NS), NegativeSmall (NS), Zero (ZE) and
Positive (P), accordingto the membershipfunctions in Figure 6-43. The differences
betweerrule-basel andrule-base2, with respecto the rangesand membershigunctions
of the changen DOA error, aredueto the pre-definedfact thatthe DOA levelis lighter or
deepethanthetargetlevel.
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Figure6-43: Inputmembershigunctionsdescribingthe changeof DOA error, for rule-base2.

The changen the remifentanilinfusionrateis denotedn the sameway asfor rule-basel,
with the membershigunctionsin Figure6-41. In rule-base2, the smallerincrementin the
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infusionrateis predominantsincethe DOA is deepandthe remifentanilis increasedor its
analgesigropertiesin rule-basel, the DOA is light, hence remifentanilis increasedasa

responseo stimulusandfor its synergisticpropertieswith propofolin orderto increasehe
DOA level

Figure6-44 showsthe outputsurfacefor rule-base2, describingthe changein remifentanil
infusion rate Analysing Figures 6-44 and 6-42 (output surface for rule-base 1), the

differencein the value of the incrementis significant WhenDOA is light, higherchanges
in remifentanilinfusion ratesare used If DOA is deepone needsto respondto stimulus

however the DOA level shouldnotincrease
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Figure6-44: Outputsurfaceof rule-base2, describingthe changean remifentanilinfusionrate
The membershigunctionsusedin the multivariablecontroller, andevenin the SISOfuzzy
Pl controller, areGaussianThis is to obtainsmoothercontrolactions

6.6. Simulation Results

The multivariable fuzzy controller was usedin closedloop simulationswith the patient
model The resultsof threesimulationsare presentedn the following sections including
the controllerreactionsto externaldisturbancesNote that the controlleronly startsacting
at 1500 seconddi.e. duringthe maintenance@hasg.
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6.6.1 Simulation 1

In this simulation the infusion profile for both drugswhich wasusedduring the induction
phasewasthe sameasthe one usedin the simulationswith the SISO fuzzy PI controller.

The DOA levelfor this simulationis shownin Figure6-45. The OK DOA levelis achieved
at1740 seconds

Figure 6-46 showsthe propofol andremifentanilinfusion ratesduring this simulation The
correspondingffectconcentrationgrepresentedn Figurest-47 and6-48, respectively
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Figure6-45: DOA level usingthe multivariablecontrollerin simulationl.
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Figure6-46: Propofolandremifentanilinfusionratesasdeterminedy the multivariablecontrollerin
simulationZ.
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Figure6-47: Propofoleffectconcentratiodor theinfusionprofile in Figure6-46, simulationl.
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Figure6-48: Remifentanileffectconcentratiorfor theinfusionprofile in Figure6-46, simulationl.

The multivariablefuzzy logic controllerperformedaswell asthe SISOfuzzy PI controller.
In fact, the sameinfusion profileswereused The OK DOA level wasrapidly achievedand
the controller maintainedefficiently a stable DOA level by keepingboth infusion rates
constant

The cardiovasculaparametersf simulation1 areshownin Figure6-49. The resultsof the
patientmodelarethe sameasin Figure6-31, correspondingo the sameinfusion profile as
with the SISOfuzzy PI controller.

The multivariable controller reactsto changesn the systemoutput i.e. the DOA level,
whenthe setpoint hasbeenreachedand the subsequentontrol action maintaineda zero
error, thenit is not necessaryo changethe control output In the nextsection a changen
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DOA target(setpoint) is introducedn orderto assesshe controllef s performance
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Figure6-49: Systolicarterialpressuréd SAP) andheartrate (HR) for simulationl.

6.6.1.1 Changein DOA Target

The sameconditionsasin simulation1 wereconsideredbut with a setpoint changeto the
OK/Deep level at 3000 seconds Figure 6-50 showsthe infusion ratesof propofol and
remifentanilas determinedby the multivariable controller during the maintenancephase
The DOA levelis shownin Figure6-51.
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Figure6-50: Propofolandremifentanilinfusionratesasdeterminedy the multivariablecontroller,
duringthe maintenanc@hase DOA targetchangeto OK/Deepat 3000 seconds
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Figure6-51: DOA level usingthe multivariablecontroller, duringthe maintenanc@hase DOA target
changeo OK/Deepat 3000 seconds

The OK/DeepDOA levelis reachedat 3060 secondsi.e. only 60 secondsfterthe setpoint
change The multivariable controller reactsto the set point changeby increasingthe
remifentanilinfusion rate due to the high stimuluslevel presentin the system(seee.g.
Figure6-5). Thisincreasen theremifentanilinfusionrate increaseshe level of analgesia
andalsopotentiateghe effect of propofol This increaseshe DOA level fasterthanin the
SISOfuzzy PI controller case Figure 6-52 showsthe SAP during the maintenancehase
The decreasen SAP following anincreasen the remifentanilinfusion rate showshow a
deepellevel of depressions achievedleadingto the OK/DeepDOA level. Therefore the
multivariable controller is taking advantageof the synergism between propofol and
remifentanilfor anefficient controlof DOA.
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Figure6-52; Systolicarterialpressurd SAP) duringthe maintenanc@hase DOA targetchangeo
OK/Deepat 3000 seconds

In order to analysethe responseof the controller under different conditions a set point

changeto the OK/Deep level at 3720 secondswas considered Figure 6-53 showsthe
propofolandremifentanilinfusionratesduring this simulation At thetime of the changan
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the setpoint (i.e. 3720 secondpthe perceivedstimulusintensityis very low, therefore the
controllerreactsby increasinghe propofolinfusionrate
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Figure6-53: Propofolandremifentanilinfusionratesasdeterminedy the multivariablecontroller,
duringthe maintenanc@hase DOA targetchangeto OK/Deepat 3720 seconds

The DOA level for this simulationis shownin Figure 6-54. The OK/DeepDOA level is
reachedht 3870 secondsi.e. 2.5 minutesafterthe setpointchange
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Figure6-54: DOA level usingthe multivariablecontrollerduringthe maintenanc@hase DOA target
changeo OK/Deepat 3720 seconds

The controlleris ableto achievethe OK/DeepDOA level in both situationsin a relatively
shorttime. In thefirst casei.e. anincreaseof the remifentanilinfusion rate the OK/Deep
level is reachedfasterdue to the rapid onsetof the action of remifentani] a subsequent
reductionin the perceivedstimulus anda synergismwith propofol In the secondcasei.e.
anincreaseof the propofolinfusionratg the OK/Deeplevelis the responsdo theincrease
in the propofoleffectconcentration
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6.6.2 Simulation 2

Simulation 2 considersa different propofol infusion profile during the induction phase
hence differentinitial conditionsfor the multivariablefuzzy controller The remifentanil
infusionprofile is the sameasfor simulationl.

The DOA level for simulation2 is shownin Figure6-55, followed by the infusion profiles
of propofol and remifentanilin Figure 6-56. The effect concentrationf propofol and
remifentanilarepresentedn Figures6-57 and6-58, respectively

At the beginningof the maintenanc@hasethe DOA is atthe OK level, i.e. thetargetlevel.
The propofol andremifentanilinfusion ratesare kept constanty the controller However
at approximatelyl900 secondghe DOA level increasedo OK/Deep The multivariable
controller respondswith a decreasan the remifentanilinfusion rate since the propofol
effectconcentrations within thenormalrange
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Figure6-55: DOA level usingthe multivariablecontrollerin simulation2.

Fropofol
infusion rate
(ma/s)
....... Remifentanil
R infusion rate
{ugi=)

o 1000 2000 3000 4000 5000

Time (s)

Figure6-56: Propofolandremifentanilinfusionratesasdeterminedy the multivariablecontrollerin
simulation2.
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Figure6-57: Propofoleffectconcentratiorfor the propofolinfusion profile in simulation2 (Figure6-56).

Figure 6-59 showsthe decreasean the remifentanil infusion rate which was not easily
observedn Figure 6-56. The remifentanileffect concentratioralso decreaseg¢seeFigure
6-60), resultingin aneffectivereturnto the OK DOA level.
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Figure6-58: Remifentanileffectconcentratiorfor the remifentanilinfusionprofile in simulation2
(Figure6-56).
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Figure6-59: Remifentanilinfusionratesasdeterminedy the multivariablecontrollerin simulation2,
duringthe maintenanc@hasgzoomon Figure6-56).
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Figure6-60: Remifentanileffectconcentratiorduringthe maintenanc@hasean simulation2 (zoomon
Figure6-58).

The decreasen the remifentanilinfusion rateis very small but it is provedsufficientin
order to achievethe OK DOA level. The multivariable controller showsa smoothand
gradual reaction to the changein DOA level, which has proved to be efficient in
maintaininga stablelevel of DOA.

Figure6-61 showsthe stability of the cardiovasculaparametersluringthis simulation
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Figure6-61: Systolicarterialpressurg SAP) andheartrate(HR) in simulation2.
6.6.2.1 Disturbance Tests

Consideringthe sameconditionsas for simulation2, a disturbanceo the OK/Light DOA
level wasintroducedat 3600 secondslin areal situation this could be duefor instanceto a
high stimulusinterferenceFigure6-62 showsthe DOA level for this simulation duringthe
maintenanceghase The first OK/DeepDOA level (at approximatelyl900 secondyis the
sameasin the previoussimulation
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Figure6-62: DOA level usingthe multivariablecontroller(maintenanc@haseonly). Disturbanceo the
OK/Light DOA level at 3600 seconds

Figure 6-63 showsthe propofol and remifentanil infusion ratesfor this simulation The
propofol infusion rate is kept at a constantlevel from the start of the simulation The
remifentanil infusion rate is shownin Figure 6-64 in order to analysethe controllefs
behaviour Thefirst decreasén the remifentanilinfusion rateis the sameasin simulation
2.
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Figure6-63: Propofolandremifentanilinfusionratesusingthe multivariablecontroller(maintenance
phaseonly). Disturbancdo the OK/Light DOA level at 3600 seconds

The controllerrespondgo the OK/Light disturbancewith anincreasein the remifentanil
infusion rate which leads to an OK/Deep DOA level. Therefore the controller
subsequentlgecreasesemifentanilin orderto stabilizethe effectconcentratiorandleadto
an OK DOA level Figure 6-65 shows the remifentanil effect concentrationfor this
simulation

Thefastonsetof actionof remifentanilallowsthe controllerto manipulatetheinfusionrate
in order to achieverapidly the desiredDOA level. Therefore the controller is able to
respondadequatelyto the external disturbance Once again only small changesin the
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remifentanilinfusion rate are usedand provedto be efficient in achievingthe OK DOA
level.
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Figure6-64: Remifentanilinfusionrateusingthe multivariablecontroller(maintenanc@haseonly).
Disturbanceo the OK/Light DOA level at 3600 seconds
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Figure6-65: Remifentanileffectconcentratiorfor theinfusionprofile in Figure6-64.

6.6.3 Simulation 3

Simulation3 considersa differentremifentanilinfusion profile during the inductionphase
while the propofolinfusion profile is the sameasthe oneusedin simulationl (i.e. theone
from patientPat1). In otherwords simulation2 and3 analysethe reactionof the controller
to differentinitial conditions Thefirst changeghe propofolinfusionrateduringinduction
andthe secondchangesheremifentanilprofile.

Figure 6-66 showsthe DOA level in simulation 3, while the propofol and remifentanil
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infusion ratesare shownin Figure 6-67. In contrastwith the previoussimulations the
multivariablecontrollerchangesothinfusionratesin responséo the OK/DeepDOA level

atapproximatelyl700 seconds
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Figure6-66: DOA level usingthe multivariablecontrollerin simulation3.
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Figure6-67: Propofolandremifentanilinfusionratesasdeterminedy the multivariablecontrollerin

simulation3.
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Figure6-68: Propofolandremifentanilinfusionratesasdeterminecdy the multivariablecontrollerin
simulation3, duringthe maintenanc@hasgzoomon Figure6-67).
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Figure 6-68 showsthe infusion rate of both drugsduring the maintenancghase(zoomon
Figure 6-67). The multivariable controller decreaseshe propofol infusion rate first and
then gradually decreaseghe remifentanil infusion rate The effect concentrationsof
propofolandremifentanilarepresentedn Figures6-69 and6-70, respectively

The controlleris ableto determinethe adequatecombinationof the two drugs achieving
andmaintainingthe OK DOA level.

The cardiovasculamparameterdor simulation 3 are presentedn Figure 6-71. A stable
haemodynamiqrofile is achievedthroughoutthe maintenancephase Thereis a small
gradualdecreasen SAP andHR dueto the increasen the propofol effect concentration
however the SAPandHR valueswereneverbelowthe posinductionminimumvalues
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Figure6-69: Propofoleffectconcentratiorior the propofolinfusionratein simulation3 (Figure6-67).
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Figure6-70: Remifentanileffectconcentratiorfor the remifentanilinfusionratein simulation3 (Figure
6-67).
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Figure6-71: Systolicarterialpressur§ SAP) andheartrate(HR) in simulation3.

6.7 Summary

A closedloop simulationstructurefor DOA wasdevelopedlinking the patientmode| the
FRC anda control system This structureis an advisorsystemfor the anaesthetistn fact,
the systemshould provide information aboutthe adequatenfusion rate of propofol and

remifentanilsimultaneously

In a first stage a SISO fuzzy PI controllerwas developed This controller determineshe
changein propofol infusion rate accordingto the DOA error and basedon the patient
model Remifentanilis consideredas being manually controlled by the anaesthetistThe
patient model uses the infusion rate of both drugs to determinethe effect on the
cardiovasculaparameterandon the waveletextractedAEP features

The SISO fuzzy PI controller parameterswere optimized using a GA. Overall the
controllerhad a good performanceand was able to respondeffectively to changesn the
DOA setpoint The fuzzy PI controller also provedto be betterthan a conventionalPI
controllerunderthe sameconditions

The secondstageof the study relatedto the developmentf a multivariable controller for
the simultaneousadministrationof propofol and remifentanil Fuzzy logic was usedto
constructthe multivariable controller, which was basedon the anaesthetisexperience
translatedo linguistic rules

The multivariablecontrollerusesthreerule-basedo establisithe infusionratesof propofol
and remifentani| accordingto the DOA level. In the caseof remifentani| the perceived
surgical stimulus intensity is also usedto ensurean adequatelevel of analgesia The
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controller takesinto accountthe synergisticinteractionbetweenthe two drugs and uses
thisto rapidly achievethe desiredDOA level.

In orderto testthe reactionsof the multivariablecontroller, severalklosedloop simulations
were performed using different induction profiles and adding set point changesand
disturbancedo the system The controller performedefficiently in all simulations by
adjustingthe infusion rate of both drugsin responsdo DOA changesTheseresultscanbe
usedto determineideal combinationsof infusion profiles for future usein the operating
theatre
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Conclusions and Recommendations

7.1 Conclusions

Depth of anaesthesigdDOA) is defined as the degreeof lack of responseand recall to

noxious stimuli. While clinical signs can be usedto establishthe lack of responseto

stimulus they are not reliable indicators of possible recall In addition balanced
anaesthesiaomprisesthe use of a musclerelaxant an analgesicand an anaestheticand
suchuseof severaldifferentdrugsmay obscurethe clinical signs Unconsciousness hard
to defineandmeasureaccurately howeveroneshouldlook for a DOA indicatorwithin the

central nervous system (CNS). Previous researchersnvestigatedthe auditory evoked
potentials(AEP) asan indicatorof DOA. The AEP areresponsesn the EEG to auditory
stimuli, and have been proved to show similar graded changeswith equipotent
concentrationsf differentanaesthetiganddistinguishbetweerthe differentDOA levels

The introductionof balancedanaesthesigaverise to anotherproblem how to determine
the adequatenfusion rate of the anaesthetiand analgesialrugs consideringthat the two

drugs interact and that there is no direct measureof analgesia(i.e. pain relief). The
possibility of recall with implicit or explicit pain bringsseriousproblemsfor the physician

andfor the patient

The objectiveof this researctprojectwasto solve part of the problemsthat concernthe
anaesthetisin the operatingtheatre The studywasbasedon clinical datagatheredduring
surgicalproceduresvith the anaesthetipropofolandthe analgesiaemifentanil

Thefirst stepwasthe classificationof DOA. Multiresolutionwaveletanalysiswasusedto
extractmeaningfulfeaturesdrom the AEP relatingto the different DOA levels A setof ten
wavelet extracted AEP featureswas found to provide the necessaryinformation to

204



Chapter 7: Conclusions and Recommendations

distinguishbetweenthe DOA levels A fuzzy relationalclassifier(FRC) wasdevelopedn

orderto procesghe AEP featuresandclassifytheminto DOA levels The FRC usesfuzzy
clusteringand fuzzy relationalcompositionto establishthe link betweenthe naturaldata
clustersand the DOA levels An automaticsystemis requiredto processthe AEP and
translatethe relevantinformation into a referencevalug to which the anaesthetistan
relate Online AEP processingorovidesthe anaesthetistvith information aboutthe CNS
depressionhence the degreeof unconsciousness the patient The FRC classificatiorwas
evaluatedagainstthe anaesthetistlassification which was taken as being the correct
classificationsince there is no preciseanalysisto evaluateDOA. This is not an easy
classificationproblem and the overall trend of anaestheticdepthneedsto be considered
The FRC was able to distinguish betweenthe five different DOA levels which were
establishedy the anaesthetistThe resultsof the FRC were comparedwith the resultsof

KSOM and ANFIS classifiers Overall the FRC achieveda betterperformanceTherefore
the FRC provided a reliable DOA indicator basedon featuresextractedfrom the AEP,

giving the anaesthetisthe possibility of using brain signalsas part of day-to-day surgical
proceduresThe cardiovasculaparametersASAP and AHR can also be usedto reinforce
theoveralldecisionscheme

Remifentanilis a potentanalgesiowith a stronginteractionwith propofol Its rapid onset
andoffsetof actionmakeit ideal for generalanaesthesiwith a fastandefficient response
to the effectsof surgicalstimuli. Remifentanilhasa synergisticinteractionwith propofol
hence the effectsof propofolare potentiatedy the useof remifentanil Fromthe family of
syntheticopioids remifentanilpresentghe strongesinteractionwith propofol In fact, the
optimal concentrationof propofol is largely reducedin the presenceof remifentanil In
addition the use of this opioid can also reducethe recoverytime. A patientmodel was
developedo determinghe effectsof thesetwo drugson the cardiovasculaparametergi.e.
SAP and HR) and on the AEP features The objectivewasto establishthe effectsof the
interaction betweenthe two drugs and how this affects the adequateinfusion ratesto
maintain a stableDOA level. It is worth noting that the two drugsinteractonly in the
presencef stimuli.

A patient model was developedfor the two phasesof anaesthesjai.e. induction and
maintenanceln the induction phase remifentanil acts by reducing the haemodynamic
responséo intubationwhich is the only strongstimulusduringthis phase It wasfoundthat
the cardiovasculaiparametersare largely affectedby propofol Therefore Hill equation
models were optimized and used to model the cardiovascularparametersand linear
guadraticmodelsweredevelopedo determinethe effect of remifentanilon the responseo
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intubation The AEP arenot a reliable signalduring the inductionphase dueto the drastic
changesn thedrugsconcentrationandtrachealntubation

The maintenancephaseis the longestand mostimportant phaseof generalanaesthesja
sinceit is the periodcorrespondingo the surgicalprocedureln addition surgicalstimulus

is almosta continuouseventthroughouthe maintenanc@haseandthe interactionbetween
the two drugsis an importantaspect The anaesthetisis confrontedwith the dilemmaof

which drug to changein responseto the DOA level. Surgical stimulus causesarousal

hencetheanalgesigropertief remifentanilhaveto betitratedsoasto block the stimulus

effect

The effect concentratiorgovernsthe drug effect sinceit is in the effect site that the drug
exertsits action Therefore a fuzzy structure of modelswas built to relate the effect
concentrationsof both drugs with the patientsvital signs Only the pharmacodynamic
interactionswere considereg since they have a higher clinical importancethan the
pharmacokinetiinteractionswhich areobscuredy theinter-patientvariability.

The Adaptive NetworkBased Fuzzy Inference System (ANFIS) was used to adapt
TakagiSugeneKang (TSK) fuzzy modelsfor ASAP, AHR andthe AEP featuresbasedon
clinical data The fuzzy modelsled to acceptableerrorsandreflectedthe drugseffectand
synergisticinteraction Consideringthat during the maintenancehasethe infusion rates
follow a specificprofile to maintaina stableDOA in the presencef stimulus thesefuzzy
modelsare only valid within specifiedeffect concentrationgangesand safety warnings
haveto bebuilt in. Overall thisis areasonablenodelthathelpsto understandhe effectsof
the combinationof propofol and remifentanil The modelhasa good performanceon the
checking data sets and clearly shows how SAP and HR respondto the drug related

synergism

The patient model would not be completeif the effect of surgical stimulus was not

included The anaesthetisexperiencewas usedto constructa Mamdanitype of fuzzy
modeldescribingthe effectof surgicalstimuli. The effectconcentratiorof remifentanilwas
usedto determinethe level of analgesiaandthe level of stimulusperceivedby the patient

This wasusedto establishthe effect of the stimuluson SAP andHR. It wasfoundthat 1.

the DOA level hassomeinfluenceon the stimuluseffect 2. the cardiovasculavariables
includeatime-delayin responseo surgicalstimulus 3. the stimuluseffectis proportional
to its intensity.

The AEP featureswere also analysedaccordingto the stimuluseffect The brain signals
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respondimmediately to stimulus indicating the degreeof arousal The low and high
frequencyAEP featuresresponddifferently to different stimuli. The effect of stimuluson
the AEP wasnot modelleddueto the lack of informationanddata However it is important
to establishthatthereis a relationbetweernthesetwo signalsandoneneedso be awareof
its influenceon the stateof the patient In thefuture, SAPandHR maybe consideredafety
indicators while the AEP represenawareness

Overall the developedpatientmodel hasan adequateerformanceeflecting the effect of
the drugsand of the surgicalstimuli. This modelrepresents typical patients behaviour
during a surgical procedure and should be recognizedas such A model describingthe
drugseffectandinteractionss very importantfor the developmenbf a closedloop system
in anaesthesial he objectiveof a control systemfor DOA is to determinetheinfusionrates
of the anaesthetiandanalgesiarugs helpingthe anaesthetisio decidewhich drugshould
bechangedn responséo differentevents

The developedhatientmodelwasusedto constructandtesttwo differentcontrol structures
First, a SISO fuzzy PI controller was developedusing GA optimization The controller
determinesthe changein propofol infusion rate accordingto the DOA level and its

difference from the desiredOK level. The remifentanil infusion rate is consideredas
manually controlled by the anaesthetistThis is the most common option for control
systemsn anaesthesiddowever the patientmodel considerghe effectsof both drugsand
their interaction hence the propofol infusion rate will reflect this information The SISO
fuzzy PI controllerperformedbetterthana conventionalPI controller, leadingto a smaller
amountof drug infusedand being ableto respondefficiently to setpoint changesThis is

one of the advantagef fuzzy logic controllers which can prove to be robustagainst
disturbances

Second the developmenbf a multivariable controller for simultaneousadministrationof
remifentanil and propofol during the maintenancephasewas reviewed Consideringthe
complexity of the two componentof anaesthesié.e. unconsciousnesand analgesig a
multivariable fuzzy controller was developedwith the anaesthetis$ cooperation The
anaesthetisexperiencewas incorporatedinto the control structureusing linguistic rules
Accordingto the different possibilitiesfor the DOA level andfor the surgicalstimuli, the
multivariablecontrollerdefinestherequiredchangean theinfusionratesof thetwo drugs

The controller is able to adjustthe remifentanil infusion rate accordingto the stimulus
intensity, and takes advantageof the synergisticinteractionto changeadequatelythe
propofolinfusionrate Propofolis titratedto lower infusionrates decreasinghe amountof
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drug infused and speedingup recovery In addition the controller ensuresadequate
analgesidy titrating the remifentanilaccordingto stimulus

The multivariable fuzzy controller was testedunder different simulations and responded
efficiently to differentinductionprofiles setpoint changesanddisturbancesThe infusion
ratesof both drugswere adequatelychangedo achieveand maintaina stableDOA level,
takingadvantagef theinteractionbetweerthetwo drugs It wasfoundthatit is possibleto
modeltheinteractionbetweerpropofolandremifentani] andto usesuccessfullythis model
to developa closedloop systemin anaesthesiwith simultaneousutomaticcontrol of both
drugs

Fuzzy logic techniquesproved to be efficient in incorporatinghumanknowledgefor a
bettersolutionin biomedicine The complexityof DOA, andthe unavailabilityof largedata
sets makethis latterideal for the applicationof fuzzy logic basedconceptsThe FRC, the
TSK pharmacodynamienodels and the multivariable fuzzy controller were combined
successfullyin a hybrid structure to provide a closedloop simulation platform for
anaesthesid his systemcanactasanadvisorto anaesthetist® the operatingtheatre

In conclusiontheclosedloop system

 decreasethe amountof druginfused

 reducegsheanaesthetistvorkload

« canbeusedasanalarmsystem

« processeandprovidesinformationaboutthe brainsignals(i.e. AEP);

» modelstheinteractionbetweerpropofolandremifentani

« administerdothdrugssimultaneouslyakingadvantag®f the existentsynergismand
adjustingto the presencef stimulus

« leadsto anoverallincreasen the patients comfortandsafety

7.2 Further Work

Thedevelopedatientmodelrepresentsa typical patients responséo a surgicalprocedure
Neverthelessthe gathering of more clinical data would be beneficial for improving
generalizatiorpropertiesof the model A balancedsetof datafrom different patientscould
be usedto developMamdanitype of fuzzy modelsdescribingthe drugspharmacodynamics
This would leadto a betterunderstandingf the drugsrelationsandthe way they affectthe
patientphysiologicalsystemsAdditional clinical datacould be usedin extendedestswith
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thedevelopedatientmodel| andprovideoff-line testingof the multivariablecontroller.

Some aspectscould improve the patient model and hence the closedloop simulation
systemas a whole Clinical datacould be usedto study the existenceof the time-delay
betweenthe surgicalstimulusand the haemodynamiecesponsesimproving the quality of
analgesiaResearclon the effect of surgicalstimuli in the presenceof remifentanilon the
AEP is areal challengelf a modelcould be developedrelatingthe level of analgesiathe
stimulus intensity and the effects on the brain signal this would open a new area of
biomedicalstudies

Geneticprogrammingcould be usedto decideon the nonlinearfunctionrelatingthe effects
of eachdrugon the cardiovasculaparameterso the final effect of the combinationof the
drugs This could be usedto comparethe resultsof the patientmodel and provide new
information

A measureof patientsensitivity to the two drugs could be studiedand includedin the

patient model A gain could be introduced in the pharmacokinetic and the

pharmacodynamimodels Therefore the variability betweenpatientscould be accounted
for and usedin testing and generalizationof the simulation system In practice the

anaesthetisis facedwith patientsrespondingin different waysto the samedrugs If the

patients resistivity to the drug could be detectedanalysingthe initial responseduring the
inductionphasethis informationcould be includedin the control system On-line Adaptive

FuzzyControllerscouldalsobe usedto dealwith theinterpatientvariability. Therefore the

drugs would be titrated accordingto the DOA level, the surgical stimulus the drugs
interactionandalsothe patientsindividual characteristics

This is one of the first studieson the modelling of drug interactionsand multivariable
control in humans The combination of propofol and remifentanil is becoming more
popularin anaesthesjalueto specificanduniquepropertiesof remifentanil Nevertheless
different drugs interact differently and this researchcould be extendedto several
combination®f anaesthetiandanalgesiadrugs

A closedloop simulationsystemhelpsto train the anaesthetisin the different aspectsof
DOA, andto developandtestdifferentcontrolstructureslt alsoplaysandimportantrolein
the studyof drug interactionsand possibleside effects However the final objectiveis the
implementationof the systemin the operatingtheatre The advantage®f suchan advisor
systemasa sourceof informationandrapidly achievingoptimal conditions would improve
thequality of generalnaesthesia
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Glossary

AEP - Auditory Evoked Potentials

ANFIS - Adaptive Network-Based Fuzzy Inference System
ANN - Artificial Neural Network

BIS - Bispectral Index of the EEG

CNS - Central Nervous System

CWT - Continuous-Time Wavelet Transform
DAP - Diastolic Arterial Pressure

DOA - Depth of Anaesthesia

DSP - Digital Signal Processing

DTWT - Discrete Time Wavelet Transform
ECG - Electrocardiogram

EEG - Electroencephalogram

EP - Evoked Potentials

FIS - Fuzzy Inference System

FRC - Fuzzy Relational Classifier

GA - Genetic Algorithm
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HR - Heart Rate

ICU - Intensive Care Unit

KSOM - Kohonen Self-Organizing Map
MAC - Minimum Alveolar Concentration
MAP - Mean Arterial Pressure

MLAEP - Middle Latency Auditory Evoked Potentials
MEP - Motor Evoked Potentials

MF - Median Frequency of the EEG
MRA - Multiresolution Analysis

NCD - Nonlinear Control Design

OMT - Ocular Microtremor

PC - Personal Computer

PD - Proportiona-Derivative

PI - Proportional-1ntegral

PID - Proportional-Integral-Derivative
SAP - Systolic Arterial Pressure

SEF - Spectral Edge Frequency of the EEG
SEP - Somatosensory Evoked Potentials
SISO - Single Input Single Output

STFT - Short-Time Fourier Transform
TCI - Target Controlled Infusion

TIVA - Totd Intravenous Anaesthesia
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TSK - Takagi-Sugeno-Kang

VEP - Visual Evoked Potentials

WT - Wavelet Transform

ASAP - Changein Systolic Arterial Pressure from Baseline

AHR - Change in Heart Rate from Baseline
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Fuzzy Logic

B.1 Fuzzy Setsand Systems

Classical sets are crisply defined collections of distinct elements(numbers symbols

objecty, and for this reasonare also called crisp sets The elementsof all the setsunder
considerationn a given situationbelongto aninvariable constantset calledthe universe
of discourseThefact thatelementof a setA eitherbelongor do not belongto a crispsetA

canbeformally indicatedby the characteristi¢unctionof A definedas

1lif andonlyif x € A
XA(X) = . . B-1
0if andonlyif x ¢ A

wherethe symbolse and¢ denotethatx is andis nota memberof A, respectively The pair
of numbers{0, 1} is calledthevaluationset Anotherway of writing EquationB-1 is:

2a(¥) 1 X~ {0,1} B-2

Thereis arestrictsenseof membershigo a setin classicalsettheory, i.e. anelementeither
belongsor doesnot belongto the set

In 1965, Zadehlaunchedhe foundationof fuzzy settheory, wherea moreflexible senseof
memberships possible In fuzzy setsmanydegree®f membershi@reallowed Thedegree
of membershipto a setis indicatedby a numberbetween0 and 1, i.e. a numberin the
interval [0, 1]. Fuzzysetsgeneralizeéhe valuationsetfrom the pair of numbers{0,1} to all
numbersfound in [0,1]. By expandingthe valuation set the natureof the characteristic
function is altered and called membershigrunction and denotedby ua(x). Therefore an
infinite numberof membershiglegreesrepossible sincethereis aninfinity of numberdan
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the interval [0,1]. The membershipfunction maps every elementof the universe of
discourseX to theinterval[0, 1], andthis is written as

ua(x) : X - [0,1] B-3

Membershipfunctionsarea mathematicatool for indicating flexible membershigo a set
and for modelling and quantifying the meaningof symbols Membershipfunctions may
represenanindividual s subjectivenotionof avalueclass

Definition B.1. A fuzzy setin anuniverseof discourseX is characterizedby a membership
function ua(x) thattakesvaluesin theinterval[0, 1].

Fuzzysystemsareknowledgebasedor rule-basedsystemsin the centreof a fuzzy system

is aknowledgebaseconsistingof the so-calledIF-THEN rules A fuzzy IF-THEN ruleis an

IF-THEN statementin which somewords are characterizedoy continuousmembership
functionsFor examplethefollowing is afuzzy IF-THEN rule:

IF the speed of a car islow, THEN apply less force to the accel erator B-4

wherethewords*high” and“less arecharacterizedby membershigunctions A fuzzy set
is constructedrom a collectionof fuzzy IF-THEN rules Formally.

IF premise (antecedent), THEN conclusion (consequent) B-5

In thelinguistic fuzzy system(alsocalledthe Mamdanimode), boththe antecedenandthe
consequenarefuzzy propositionsA generaform of thelinguistic fuzzy rulesis:

Ri : If xisAi thenyisB;,i = 1,2,...,K B-6

wherex is the antecedentariable which representshe input to the fuzzy system andy is
the consequentvariable representingthe output of the fuzzy system In most cases
realvaluedvectorinputsandoutputsareused x € X ¢ RP andy € Y < R A andB; are
linguistic terms (fuzzy sety defined by multivariable membership functions
ua () : X - [0,1] andug,(y) : Y - [0,1], respectively Finally, K denoteghe numberof
rulesin the system

Instead of consideringthe fuzzy IF-THEN rules in the form of EquationB-6, in the
TakagiSugeneKang (TSK) system the rulesconsequenére crisp functionsof the model
inputs
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Ri : If xis A theny; = fi(x), i = 1,2,...,K B-7

where x € RP is the input (antecedentvariable andy; € R is the output (consequent
variable R; denotesthe ith rules andK is the numberof rulesin the rule base A; is the
antecedenfuzzy setof theith rule. As in thelinguistic mode| the antecedenproposition®x
is Ai” is usually expresseds a logical combinationof simple propositionswith invariant
fuzzy setdefinedfor theindividual component®f x, oftenin the conjunctiveform:

R : If X1 is Aip andxz is Aiz and... andxp is Aip theny; = fi(x),i = 1,2,...,K B-8

The consequentunctionsf; are typically chosenas instancesof a suitableparameterised
function, whosestructureremainsequalin all the rulesandonly in the parametersary. A
specialcaseof the TSK fuzzy systemds the systemthatusesrulesin the form of Equation
B-8 butfi(x) is alinearfunctionof x: fi(X) = cix + bi wherec; andb; areconstants

B.2 Fuzzy Sets Operations and Properties

AssumethatA andB arefuzzy setsdefinedin the sameuniverseof discourseJ.

1. AandB areequalif anonly if ga(x) = us(x) for all x € U.

2. B containsA, denotedby A B, if andonly if ua(x) < ps(x) forall x € U.

3. Thecomplemenbf Ais afuzzy setA in U whosemembershigunctionis definedas
pa(¥) = 1-pua(x) B-9

4. The union of A and B is a fuzzy setin U, denotedby AU B, with the membership
functiondefinedas(FigureB-1):

pas = max{ua(x), us(x)] B-10
5. Theintersectiorof A andB is afuzzy setA N B with membershigunction (FigureB-2):

pace = Min[a(X), ua(x)] B-11
6. Morgars Lawsaretruefor fuzzy sets

AUB=ANB B-12
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ANB=AUB B-13
7. ExtensionPrinciple 1: If A is afuzzy setin the universeU andf is a mappingfrom U to
the universeof discourseV suchthaty = f(x), thenthe extensiorprinciple allowsto define
afuzzysetB in V suchthat

B=f(A) = {(,us(y)) y=f(x), xe U} B-14
where
) supua(x) iffH(y) =0 ]
pe(y) = { 0 ity =0 } B-15

8. Zadehs Principle Let X be a cartesiarproductof the universedJ,Uo,...,U, suchthat
X =U1xUz*...4Upn and Ay, Az,..., A, arefuzzy setsin theseuniversesf is a mapping
from X to the universeof discourseV, wherey = f(X1,X2,...,Xn). Thefuzzy setB in V is
definedas

B{(Y, z8(¥)) Y = f(X1,X2,...,Xn), (X1,X2,...,Xn) € X} B-16

where

1) { SUPIN i, (). i O} 1) # 0, (6t ) € £29) }3-17
0 if f1(y)=0

M.z

FigureB-1: Union of fuzzy setsA andB.
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Hy.p

FigureB-2: Intersectiorof fuzzy setsA andB.

B.3 Properties of a Fuzzy System (Set of Rules)

1. A setof fuzzy IF-THEN rulesis completeif for any x € U, thereexistsat leastone
rule-base sayrule R (in theform of EquationsB-6 or B-7), suchthat

foralli =1,2,...,K.

2. A setof fuzzy IF-THEN rulesis consistentf thereareno ruleswith the samelF partsbut
differentTHEN parts

3. A setof fuzzy IF-THEN rulesis continuousf it doesnot exist suchneighbouringrules
whoseTHEN partfuzzy setshaveemptyintersection

B.4 Fuzzy Relations

In afuzzy inferenceengine fuzzy logic principlesareusedto combinethe fuzzy IF-THEN
rulesin the fuzzy rule baseinto a mappingfrom a fuzzy setAin U to afuzzy setBin V. A
fuzzyrelationof theform:

If AthenBorA - B B-19

is denotedasR (relationalmatrix) andis definedasa relationshipof two fuzzy setsA € U,
B eV, andit is a subseton the Cartesianproduct U x V. R is characterizedby the

245



Appendix B: Fuzzy Logic

membershigunction ur(x,y), X € U,y € V suchthat

B-20

> min(ua(x), us(y))
R=AxB= YY) =
ES Z.UR(X y) (X y) { Z,UA(X).”B(y) }

the >_ representsll possiblecombinationsof all elementsof both universesof discourse
andnotthe mathematicabperationsum

If Ris afuzzyrelationin U x V andA is afuzzy setin U thenthefuzzy setB in V is given
by:

B=A-R B-21

B is inferred from A usingthe relationalmatrix R which definesthe mappingbetweenU
andV, andthe operatiorr is definedasthe“maxmin” operation

B.5 Fuzzifiers and Defuzzifiers

The fuzzy inferenceenginecombinesthe rulesin the fuzzy rule-baseinto a mappingfrom
fuzzy setA in U to fuzzy setB in V. Becausan mostapplicationsthe input and outputof
thefuzzy systemarerealvaluednumbersinterfacesnustbe constructedetweenrnthe fuzzy
inferencesystemandthe environmentsThe interfacesare the fuzzifier andthe defuzzifier
(FigureB-3).

Fuzzy Rule
Base
— ™ Fugzifer Defuzmifier %
xinlJ vin ¥
"
Fuzzy Inference
2 Engine
sets in 1T getein T

FigureB-3: Basicconfigurationof fuzzy systemswith fuzzifier anddefuzzifier.
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Fuzzysystemganbe usedeitherasopenloop controllersor closedloop controllers When
used as an openloop controller, the fuzzy system usually sets up some controller
parametersand then the systemoperatesaccordingto theseparametersWhen usedas a
closedloop controller, the fuzzy systemmeasureghe outputsof the processand takes
controlactionson the processontinuously However fuzzy systemshavebeenappliedto a
wide variety of fields rangingfrom control signal processingcommunicationsand expert
systemgmodelling.

B.5.1 Fuzzifiers

Fuzzificationis the processwhich allows to converta numericinput into a fuzzy input
Therearetwo typesof fuzzifiers

Fuzzificationmapsa crispinputx; € U into afuzzy setAy, in U suchthat

1. A is afuzzysingleton

(%) = 1 ifx=x 5-92
HAs 0 otherwise

2. Ay, is afuzzy set(triangular trapezoidalGaussiaj

1 if X = X
un, (X) = B-23
' decreasesfrom 1 asx movesfrom Xx;

B.5.2 Defuzzifiers

Defuzzification is the conversionof a fuzzy quantity into a crisp one Formally, a
defuzzifieris definedasa mappingfrom fuzzy setB in V < R (which is the outputof the
fuzzy inferenceenging to a crisp pointy* € V. The defuzzifierspecifiesa pointin V that
best representshe fuzzy set B. The following three criteria should be consideredin

choosinga defuzzificationscheme
« Plausibility. the pointy* shouldrepresenB from anintuitive point of view;

« Computationasimplicity;
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 Continuity: asmallchangan B shouldnotresultin alargechangen y*.

The defuzzifieris only necessaryor the Mamdanisystemtype Threedifferentdefuzzifiers
arepresentechext

B.5.2.1 Centre of Gravity Defuzzifier

The centre of gravity defuzzifier specifiesy* as the centre of the areacoveredby the
membershigunctionof B, thatis:

B J. v yus(y)dy

y* = B-24
[, mey

wherejv is theconventionaintegral

B.5.2.2 Centre Average Defuzzifier

The fuzzy set B is the union or intersectionof M fuzzy sets a good approximationof
EquationB-24 is the weightedaverageof the centersof the M fuzzy sets with the weights
equalto heightsof the correspondinduzzy sets Let y' be the centreof the I’th fuzzy set
andw, beits height the centreaveragelefuzzifierdeterminey* as

_ 2:\11 v'w,

- = B-25
Z|=1 Wi

y*

B.5.2.3 Maximum Defuzzifier

The maximum defuzzifier choosesy* as the point in V at which ug(y) achievesits
maximumvalue Definetheset

hgt(B) = {y € Vius(y) =sup .UB(V)} B-26

yeV

hgt(B) is the set of all pointsin V at which ug(y) achievesits maximum value The
maximumdefuzzifierdefinesy* asanarbitraryelementin hgt(B).

y* = anypointin hgt(B) B-27
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B.6 Fuzzy Control

A simplefuzzy logic controllercangenerallybe depictedby a block diagramsuchasthat
shownin Figure B-4. A numberof assumptionsare implicit in a fuzzy control system
design

1. The plantis observableand controllable state input, and output variablesare usually
availablefor observatiorandmeasuremertdr computatior

2. Thereexistsa body of knowledgecomprisedof a set of expert productionlinguistic
rules

3. A solutionexists

4. The control engineeris looking for a “good enougfi solution not necessarilythe
optimumone

5. A controller will be designedto the bestof the available knowledgeand within an
acceptable@angeof precision

6. The problemsof stability and optimality are still open problemsin fuzzy controller
design

The knowledgebasemodule in Figure B-4 containsknowledgeaboutall the input and
output fuzzy partitions It includes the term set and the correspondingmembership
functions defining the input variablesto the fuzzy rule-base system and the output
variables or controlactions to the plantundercontrol

Thestepsin designinga simplefuzzy logic controlsystemareasfollows:
1. Identify thevariableqinput, statesandoutputg of the plant

2. Partitionthe universeof discourseor the interval spannedy eachvariableinto a number
of fuzzy subsetsassigningeacha linguistic label (subsetdnclude all the elementsn the
universe,

3. Assignor determinea membershigunctionfor eachfuzzy subset

4. Assignthe fuzzy relationshipsbetweenthe inputs (or state$ fuzzy subsetson the one
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handandthe outputsfuzzy subset®n the otherhand thusforming therule-base

5. Choose appropriatescaling factors for the input and output variablesin order to
normalizethevariablesto the [0, 1] or the[-1, 1] interval

6. Fuzzify theinputsto the controller,

7. Usefuzzy appropriategeasoningo infer the outputcontributedirom eachrule;
8. Aggregatethe fuzzy outputsrecommendetly eachrule;

9. Apply defuzzificationto form a crisp output

Theresultsof the nine stepsmentionedabovearefixed in a nonadaptivesimplefuzzy logic
controller In an adaptivefuzzy logic controller, they are adaptively modified basedon
someadaptatiodaw in orderto optimizethe controller.

Enowledge Rule Bage
Basze
Inputs : b .
A Seeling factors Fuzzification Inference Diefurzification PLANT g
Output-scaling
factors Bensors

FigureB-4: A simplefuzzy logic controlsystenblock diagram

B.6.1 Fuzzy Linguistic Controllers

The coreof afuzzy controlleris a linguistic descriptionprescribingappropriateactionfor a
given state Fuzzy linguistic descriptionsinvolve associationsof fuzzy variables and
proceduredor inferring. In order to designa proportionalintegratderivative (PID) like
fuzzy controller, it is necessaryo choosethe input andoutputvariablesandthe rulesof the
controller.

B.6.1.1 Input Variables

The mostcommoninput variablein fuzzy control is the error, or e. It is definedon the
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universeof discourseof crisp error e, which is the deviationof somemeasured/ariabley
from asetpointor reference. At anytimetimet = k crisperroris definedas

ek) =r-y(Kk B-28

The changein error, Ae, betweentwo successiveaime stepsis alsocommonlyusedasan
input variable It is definedon the universeof discourseof crisp changesn error. At time
t = k the crisp changein error is the differencebetweenthe presenterror andthe errorin
theprevioustime stept = k-1

Ae = e(k) — e(k— 1) B-29

The sumof errorse(k) may be usedasan input fuzzy variablealsa It takesinto account
theintegrateceffectof all pasterrorsandis definedas

Bk =2, &) B-30
B.6.1.2 Output Variables

Outputvariablesmay be any directly manipulatedvariable An outputfuzzy variableu can
be defined on the universeof discourseof a crisp manipulatedvariable The changein

outputAu is moreoftenusedasthe outputvariable Au indicatesthe extentof changeof the
control variableu at time t = k, i.e. the changein action Therefore if the defuzzified
outputattime k is Au*(k), the overallcrispoutputof the controllerwill be

u(k) = u(k — 1) + Au*(k) B-31
B.6.1.3IF-THEN Rulesand Inference

For the proportionalfuzzy controller, as a SISO fuzzy controller, the rule-basecan be
constructedn a symmetricfashionwith rulesof the following form:

1.If eisNB thenuis NB
2. If eis NM thenuis NM
3. If eisNSthenuis NS
4.1f eis ZE thenuis ZE
5. If eis PSthenuis PS
6. If eis PMthenuis PM
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7.1f eis PBthenuis PB

whereNB, NM, NS, ZE, PS PM, andPB arelinguistic valuesrepresenting negativebig”,
“negativemediunt, “negativesmall’, “zerd, “positivesmall’, andsoon.

A fuzzy controller emulating a conventional proportionalderivative (PD) model of
controllerwould consistof rulesof theform:

If eis AandAeisBthenuisC B-32

Thecompletesetof rulesis shownin tabulatedorm in TableB-1.

TableB-1: Ruletablefor a PD fuzzy controller.

Output changeof errorAe(k)

u NB |NM | NS | ZE | PS|PM| PB
NB | NB | NB | NB | NB | NM | NS | ZE
NM | NB | NB | NB |NM | NS | ZE | PS
error| NS | NB | NB |NM | NS | ZE | PS | PM

e | ZE|NB|NM| NS | ZE | PS|PM| PB
PSINM| NS | ZE | PS|PM | PB | PB
PM| NS|ZE| PS|PM| PB | PB| PB
PB| ZE | PS|PM | PB| PB | PB| PB

A proportionalintegral(PI) controllerwould haverulesof the form:
If eis AandAeisBthenAuisC B-33

Thecompletesetof rulesis shownin tabulatedorm in TableB-2.

TableB-2: Ruletablefor a Pl fuzzy controller

Output changeof error Ae(k)

Au NB |NM | NS | ZE | PS |PM | PB
NB | NB | NB | NB | NB | NM | NS | ZE
NM | NB | NB | NB |[NM | NS | ZE | PS
error| NS | NB | NB [NM | NS | ZE | PS | PM

e | ZE|NB|NM | NS | ZE | PS | PM| PB
PS|NM | NS | ZE | PS|PM | PB | PB
PM| NS|ZE | PS|PM | PB | PB| PB
PB| ZE | PS|PM | PB| PB | PB | PB
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TablesB-1 andB-2 areexamplesof PD andPI configurationsnot all controllershavethe
sameconfiguration this depend®n the specificproblemat hand

Therule form of aPID like fuzzy controlleris:
If eisAandAeisBand® is CthenuisD B-34

The previousfuzzy algorithmsare presentedn termsof rulesinvolving fuzzy valuesasthe
outputvariable suchrulesarethe Mamdanirules Howeverseveralfuzzy controllersuse
ruleswherethe outputvariableis givenin termsof a functionalrelationof the inputs(TSK
systemsEquationB-7).
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Multiresolution Wavelet Analysis

The objective of signal analysisis to devisea transformationthat representghe signal
featuressimultaneouslyin time and frequency Standardrourier analysisdecomposeshe
signalinto frequencycomponent&nd determineghe relative strengthof eachcomponent
It does not tell when a signal exhibited the particular frequency characteristic In

transformingto the frequencydomain time information is lost Looking at a Fourier
transformof a signal it is impossibleto tell when a particular eventtook place The

shorttime Fourier Transform(STFT) analysesa small sectionof the signal at a time, it

mapsa signalinto a two-dimensionafunction of time andfrequency The STFT drawback
is thatoncea particularsizefor the time window in chosenthatwindow is the samefor all

frequencies Wavelet analysisis a windowing techniquewith variablesized regions It

allows the use of long time intervals when more preciselow frequencyinformation is

required and shorterregionsfor high frequencyinformation Wavelet analysishas the
ability to performlocal analysis

C.1 Fourier Transform

The Fouriertransformrulesover linear time-invariantsignalprocessingecausesinusoidal
waves et are eigenvectorsof linear time-invariant operators A linear time-invariant

operatolL is entirely specifiedby the eigenvalue$i(w):
Vo € R, Le® = h(w)e! c-1
To computelf, asignalf is decomposedsa sumof sinusoidaleigenvectors{ei“"}wem:

f(t) = £ [ Flo)e*do C-2
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If f hasa finite energy the theory of Fourierintegralsprovesthat the amplitudeF(w) of
eachsinusoidawavee'®! is the Fouriertransformof f:

F(o) = [ f(t)e o't C-3

Applying the operatorL to f in EquationC-2 andinsertingthe eigenvectorexpressiorof
EquationC-1 gives

Li®) = £ [ F(o)h(e)e*'do C-4

The operatorL amplifiesor attenuategachsinusoidalcomponeng® of f by h(w). It is a
frequencyfiltering of f.

If the frequencycontentof a signalwereto vary drasticallyfrom intervalto intervalasin a
musical scale the standardrFourier transformwould sweepover the entire time axis and
wash out any local anormalitiesin the signal It is not adequatefor such nonstationary
signals

C.1.1 Short-Time Fourier Transform

The windowedshorttime Fouriertransform(STFT), movesa fixed-durationwindow over
thetime functionandextractsthe frequencycontentin thatinterval This would be suitable
for signalsthatarelocally stationary but globally nonstationary

The STFT positionsa window g(t) at somepoint 7 on the time axis, and calculatesthe
Fouriertransformof the signalwithin the extentor spreadf thatwindow:

Flo,7) = [ f(t)g*(t - r)e o't C-5
Theinnerproductbetweertwo functionsis denotedy:
(.o = [ fOg* (et C-6

Whenthewindow g(t) is Gaussianthe STFT s calleda Gabortransform The basisof this
transformis generatedy modulationandtranslationof the window function g(t), wherew
andz aremodulationandtranslationparametersrespectively Thedifficulty with the STFT
is that the fixed-durationwindow g(t) is accompaniedy a fixed frequencyresolutionand
thus allows only a fixed time-frequencyresolution The STFT mapsa function of one
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variableinto a function of two variables correspondingo the time and frequency These
transformsarehighly redundantn the parameter$w, 7).

C.1.1.1 Discrete Short-Time Fourier Transform

An appreciationof the time-frequency propertiesof the STFT can be developedby
discretising(w, ), samplingthe continuousSTFT, EquationC-5, on a uniform grid to
obtainthediscreteSTFT. With:

w=Mwo T=Mo C-7
F(m,n) = ji: f(t)g*(t — nro)e"Meotdt = (f(t), €Molg*(t — nzo)) C-8

This is alsotheinnerproductbetweerf(t) andthe windowedsinusoide™o! overthe spread
of g(t — nzo).

The STFT can be interpretedas the convolution of g(z) £ g*(—r) with the modulated
signale '@'f(t)

F(o,t) = (1) * e7eif(t) C9

The discretisatiorcanbe carry evenfurther sothatthe time functionitself is sampledf(n).
Thediscreteversionof the STFTis then

Fn) =Y"  gm-nf(me %™, k=01,..,M-1 C-10

whereg(m) is a sampledvindow function of finite extent(or compactsupportM).

C.1.1.2 Continuous Short-Time Fourier Transform

The continuousSTFT (EquationC-5) is a function of the continuousvariablesw andz. The

STFT canbe conceptualizedsthelimit of the discreteSTFT of EquationC-8 asmwo » @

andnto - 7. The discretefunction definedon the grid pointsinvolvesinto a continuous
function over the w, 7 plane The interpretationof constantresolution cells is still

applicablewith mwo = @, andnzo = 7.

To summarizehesepropertiesfor g(t) € L2(R) let

F(o,7) = f(he ™ + g(z) = [ f(Hg*(t - r)e dlt c-11
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Thatis, thetransformis a highly redundanmappingL?(R) - L?(R?). It canbe shownthat
thereconstructioformulais:

f() = = J.:r: J.:r: F(w,7)g(t - 7)€ dwdr C-12

C.2Wavdet Transform

Certain signals can be modelled suitably by combining translationsand dilations of a
simple oscillatoryfunction of finite durationcalleda wavelet A waveletis a waveformof
effective limited duration that has an averagevalue of zera Wavelet analysisis the
breakingup of a signalinto shiftedandscaledversionsof the original (or mothe) wavelet

Consider a real or complexvalue continuoustime function w(t) with the following
properties

1. Thefunctionintegratego zera
[ vt =0 C-13
2. It is squardntegrableor, equivalently hasfinite energy
[ w®Pdt < o C-14
The functiony(t) is a motherwaveletor waveletif it satisfiesthesetwo propertiesaswell
astheadmissibilitycondition(EquationC-29).

C.2.1 Continuous-Time Wavelet Transform

Let f(t) be any squareintegrable function The ContinuousTime Wavelet Transform
(CWT) or continuoustime wavelet transformof f(t) with respectto a wavelety(t) is
definedas

Wa,b) = |~ f(t)ﬁy/*(%)dt C-15

wherea andb arerealand* denotessomplexconjugation Thus the wavelettransformis a
function of two variables Both f(t) andy(t) belongto L?(R), the setof squareintegrable
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functions also called the set of energysignals EquationC-15 can be written in a more
compactform by definingy ap(t) as

Wap(t) = ﬁw(% C-16

Then combiningEquationsC-15 andC-16,

W(a,b) = | f(ty 5p(t)alt c-17
Noticethat
y1o(t) = w(t) C-18
Thenormalizingfactor of ﬁ ensureshatthe energystaysthe samefor all a andb:
[ was®Pdt = [yt C-19

For any givenvalueof a, the functiony ap(t) is a shift of ya0(t) by anamountb alongthe
time axis Thevariableb representsime shift or translation From

— 1oyt .
vaol) = —=v(3) C-20

it follows that wao(t) is a time-scaledand amplitudescaledversion of y(t). Since a

determineghe amountof time scalingor dilation, it is referredto asthe scaleor dilation

variable If a > 1, thereis a stretchingof y(t) alongthe time axis whereasf 0 < a < 1,

thereis a contractionof y(t). Negativevaluesof a resultin a time reversalin combination
with dilation. As a increaseswaveletsarestretchedandanalysdow frequencieswhile for

small a, contractedwaveletsanalysehigh frequenciesSincethe CWT is generatedising
dilatesandtranslate®of the singlefunctiony(t), the waveletfor the transformis referredto

asthemotherwavelet

The CWT is essentiallya collectionof innerproductof a signalf(t) andthe translatedand
dilatedwavelety ap(t) for all aandb:

W(a, b) = (f(t), wan(t)) c-21
C.2.1.1 The Continuous-Time Wavelet Transform asan Operator

The CWT takesa memberin the setof squareintegrablefunctionsof onereal variablein
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L2(R) andtransformsit into a memberof the setof functionsof two real variables It can
be seenasa mappingoperatorfrom L2(R) to thelatterset

W, [f(1)] = W(a,b) c-22

ThenW,[] is to beread “CWT with respecto y(t) of”. Thetransformdependsiotonly on
the function f(t) but also on the motherwavelet Theseare somepropertiesof the CWT
usingthe operatomotation

1. Linearity
W, [af(t) + Bg(D] = aW, [f(D] + W, [g(t)] C-23
for scalarsy and 8 andfunctionsf(t), g(t) € L?(R).
2. Translation
W, [f(t—7)] = Wab-1) C-24
3. Scaling
w, [ Li(d) | = wE, 2) C-25
fora > 0.
4. Waveletshifting: Let#(t) = w(t— 7). Then
W,[f(D] =W(a,b+ar) C-26

The CWT obtainedby shifting the waveletis differentfrom the oneobtainedby shifting the
signal

5. Waveletscaling Let §(t) = Y2 Then
Jiel

W,[f(] = W(aa,b) C-27
CWT is ascaledversionof theoriginal in thea variable

6. Linear combinationof wavelets Given two waveletsy1(t) and y(t), their linear
combinationay 1(t) + By 2(t) for scalarsx and g is alsoawavelet
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Wy 14y, [F(D)] = aW, [f(D)] + BW,,[f(D)] C-28
C.2.1.2 Inverse Continuous-Time Wavelet Transform

If the motherwaveletsatisfiesthe (sufficienf) condition

C = [ el g, C-29

o]

whereW(w) is the Fouriertransformof y(t), andis suchthatO < C < «, then

=<1 [ L Wabyap(t) dadb C-30

a=o0 ¢ b=oo [a]?
The conditionin EquationC-29 is knownasthe admissibilityconditionon w(t).

EquationC-30 expressed\(a, b) asthe convolutionof f(t) andy ao(-b). In the frequency
domainthis becomes

[ W(a byed*db = /la] ()" (aw) c-31

b=—c0

whereF(w) and¥(w) arethe Fouriertransformsof f(t) andy/(t) respectively Multiplying
bothsidesof EquationC-31 by ¥(aw)/|a]*? andintegratingwith respecto a yields

—+00 400 i 4o 2
o B Wa b (av)etdadd = F(w) [7 ¥l da C-32
and
r"" ¥ (am) |2 da = J'+°° ()2 do = C c.33
a=—o [ =0 W

whereC is the constanfrom the admissibilitycondition Therefore

Flw)= £ [ —L7W@a b)¥(av)e°da db C34

a=—wJ b= [a]3?2

The expressionof the inverseCWT in EquationC-30 is obtainedby taking the inverse
Fouriertransformon both sidesof EquationC-34.

C.2.2 Discrete-Time Wavelet Transform

The discretetime wavelet transform (DTWT) is generatedby sampling the wavelet
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parameterga, b) onagrid or lattice
Letthesamplinglattice be
a=al b=nboad C-35
sothat
wmn(t) = 85" (8™ — nbo) C-36

wherem, n € Z. If this setis completein L?(R) for somechoiceof y(t), a, b, thenthe
{ym} are called affine wavelets Then we can expressany f(t) e L2(R) as the

superposition

f(t) =D dmnwm(t) C-37

wherethewaveletcoefficientdmn is theinnerproduct

dmn = (f(O), ym(t)) = =25 [f(Dw(ag™ — nbo)dt C-38

.
)

Thetwo-dimensionakequencém, is commonlyreferredto asthe DTWT of f(t). DTWT is
still the transformof a continuoustime signal The discretisationis only in the a and b
variables

Theorthonormalwavelets{ym} satisfy.

1 m=m,n=n'
[y Oy (Odt = { } C-39

0 otherwise

and are orthonormalin both indices This means that for the samescale m they are
orthonormain time, andtheyarealsoorthonormakcrosghe scales

C.2.3 Examples of Wavelets

C.2.3.1 Daubechies Wavelets

Daubechieswavelets have a supportof a minimum size for any given numberp of
vanishingmoments Theyarewaveletsof compactsupportandcanbe computedwith finite
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impulse responseconjugatemirror filters h. Considerthe real causalfilters h[n], which

impliesthath is a trigonometricpolynomiat

h(w) = 3N T hnjem C-40

n=0

To ensurethat y hasp vanishingmomentsﬁ musthavea zeroof orderp atw = . A
minimumsizepolynomialhavingp zerosatw = =, is:

f) = V2 (222 ) Re®) c-41

Thedifficulty is to designa polynomialR(e™?) of minimumdegreem suchthath satisfies
-~ 2 ~ 2

[h@)| + [A@+m)| =2 C-42

As a result h has N = m+ p+ 1 nonzero coefficients The minimum degreeof R is
m=p-1

Theminimumdegreepolynomial
R(e™@) = ro[ ] (1 - ae™) C-43
Letz = e™'o:
R@OR(ZY) = r3[ 1, (1 -a)(l-az?h) C-44

To designR(2) that satisfiesEquationC-44, lets chooseeachroot ax of R amonga pair
(ck, Yck) andinclude a; as a root to obtain real coefficients This proceduresyields a
polynomial of minimum degreem= p-1, with r3 = 2°'. The resulting filter h of
minimumsizehasN = p+ m+ 1 = 2p nonzerocoefficients

If v is a waveletwith p vanishingmomentsthat generatesn orthonormalbasisof L?(RR),
thenit hasa supportof size largerthan or equalto 2p — 1. A daubechiesvavelethasa
minimum size support equal to [-p+ 1,p]. The support of the correspondingscaling
functiong is [0, 2p — 1]. FigureC-1 displaysthegraphsof y for p = 2,3,...,10.
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FigureC-1: Daubechiesvavelety with p = 2,3,4,5,6,7,8,9, 10 vanishingmoments

C.2.3.2 Coiflet Wavelets

The family of coiflet waveletsy hasp vanishingmomentsand a minimum size suppor
andthe scalingfunctionssatisfy

[#(tdt = Land[thg(t)dt = Ofor 1<k < p C-45

Suchscalingfunctionsare usefulin establishingorecisequadraturgormulas The coiflets

waveletsy areshowsin FigureC-2.

H T b
NN
I I.I'- ) |! Y y ~f)

Iy .'f Ve MR N lr W |h
; [ 5 W 1A -

coif1 coif2 coif3 coif4 coif5
FigureC-2: Coifletswaveletswith p = 1,2, 3,4,5.

C.2.3.3. Mexican Hat Wavelets

The mexicanhat waveletis equalto the secondderivativeof a GaussianThe normalised
mexicanhatwaveletis:
- 2 £ _ —t
W(t) - Y4 /36 ( a? 1) eXp( 202 )
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Foro = 1, FigureC-3 plots—y.

FigureC-3: Mexicanhatwaveletfor ¢ = 1.

C.2.3.4 Meyer Wavelets

A meyerwaveletis a frequencybandlimited function whoseFouriertransformis smooth
This smoothnesgprovidesa much faster asymptoticdecayin time. Thesewaveletsare
constructedvith conjugatemirror filters hi(w) thatareC" andsatisfy

) - { A } a7
0 ifwe[-n-2n/3]U[27/3,x]

The only degree of freedom is the behaviour of h(w) in the transition bands
[—27/3,-n/3] U [#/3,27/3]. It mustsatisfythe quadratureondition

@)+ [fw+m)|" =2 C-48

andto obtainC" junctionsat [w| = #/3 and|w| = 2z/3, thenn first derivativesmustvanish
at theseabscissaThe scalingfunction #(w) = H;Z’l 2-V2h(2-Pw) hasa compactsupport

and
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-U2h i <
(o) = 2 (0/2) ff lo| < 4n/3 C-49
0 if o] > 4n/3

Theresultingwaveletis

( 0 if |o| < 27/3
R 2 V2 0l2R (8 4 7)) if 22/3 < |w| < 4n/3
2-2g70l2h (&) if 4n/3 < || < 8n/3

L 0 if o] > 8x/3

Since (o) in the neighbourhoodf @ = 0, all its derivativesare zero at @ = 0, which
provesthat y hasan infinite numberof vanishingmoments Figure C-4 showsthe meyer

wavelety.

0.5 ¢

-5 0 5

FigureC-4: Themeyerwavelety .

C.3 Multiresolution Signal Decomposition

Multiresolution signal analysis(MRA) providesthe links betweenorthonormalwavelet
families of compactsupport and the pyramiddyadic tree expansionof a signal In this
representationa functionf € L? is expressedsa limit of successivapproximationseach
of which is a smoothedversion of f(t). Thesesuccessiveapproximationscorrespondo
different resolutions This smoothingis accomplishedby convolution with a low-pass
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kernelcalledthe scalingfunctioné(t).

C.3.1 Multiresolution Analysis Spaces

A multiresolution analysis consistsof a sequenceof closed subspaces{Vmm € Z} of
L2(R)} which havethefollowing properties

« Containment

...V2CV1CVOCV_1CV_2... C-51
«Coarser Finer—
e Completeness
meZ meZ
 Scalingproperty
f(X) € Vm = f(2X) € Vi C-53

for anyfunctionf e L2(R).

o The BasigFrameproperty Thereexistsa scalingfunction ¢(t) € Vo suchthatvm e Z,
theset

{pm(t) = 27"%p(27"t — )} C-54
is anorthonormabasisfor Vp, i.e.
[ $m(Ddm (Dt = 51t C-55
Let Wn, bethe orthogonalcomponendf Vi in Vi, 1.€.
Vi1 = Vm @& Wn C-56
Vil Wn C-57
Furthermorelet the directsumof the possiblyinfinite spacesVy, spanL?(R):

. OW @ Wi1...®Wo... OW.jy1 & Woja...= LA(R) C-58
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Associatethe scalingfunction ¢(t) with the spaceVy, andthe waveletfunction with W.
The projection operators P, Qm from L%(R) onto Vi, and Wi, respectively The
completenesgroperty ensuresthat lim Pnf = f, for any f € L?(®R).The containment

Mo—o0

propertyimpliesthatasm decreaseBnf leadsto successivelpetterapproximation®f f.

Any functionf canbe approximatedy Pm-1f, its projectiononto V1. From EquationC-56
this canbe expresse@sa sumof projectionsontoVy, andWn,

Pm_]_f = me + me C'59

Pmf is the low passpartof f in Vi, andQnf is the high frequencydetail or difference i.e.
theincremenin informationin goingfrom Vy, to V1.

EquationC-59 canbe expresse@sQmf = Pm-if — Pmf, whereQmf € Wn. Hence it canbe
saidthatthe orthogonalor complementargpacelWVy, is givenby the differenceVm-1 © V.
Now ¢(t—-n)eVo and @(2t—n)e V. Since Vo= span{p(t—n)} and
V_1 = span{¢p(2t — n}, it is reasonabldo expectthe existenceof a function w(t) € Wy,
suchthatWp = span{y(t — n)}. This function y(t) is the waveletfunction associatedavith
themultiscaleanalysis

By the scalingproperty Wi = span{y (2™t — n)}. The term W, is also generatedy the

translatesand dilations {ywm(t)} of a single wavelet y(t). The containmentand

completenespropertiesgogethemwith W 1V, andVm-1 = Vin @ Wi imply thatthe spaces
W are mutually orthogonaland that their direct sumis L?(R). Sincefor eachm, the set
{wm(t);n € Z} constitutesan orthonormabasisof Wy, it follows thatthewhole collection

{ym();mne Z}y is an orthonormal wavelet basis for L2?(R). The set
{ym(t) = 272y (2™ — n)} is the waveletbasisassociatedvith the multiscaleanalysis

with property

J.l//mn(t)l//m’n’(t)dt = Om-m Onn C-60
Since
Viii=W @ Vi=W & Wiu®W.o... C-61

the function P.1f at a given resolutioncan be representechs a sum of addeddetails at
differentscales
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C.3.2 Multiresolution Pyramid Decomposition

The MRA is usedto decomposé¢he signalinto successivéayersat coarserresolutiongplus
detailsignals alsoat coarserdecomposition

Let f € Vo. Then since {¢(t —n)} spansVy, f can be representedhs a superpositionof
translatedscalingfunctions

f(t) =) cond(t —N) =" Condon(t) C-62

where
Con = (f.don) = [f(G(t — n)clt C-63

Since Vo = V1 @ W4, f canbe expresse@sthe sumof two functions onelying entirelyin
V1 andtheotherin the orthogonakcomplemeniV;:

f(t) = P1f + Qlf =Z Cl,n(bln(t) + Z d1,nl[/1n(t) C-64

g Y

fo(®) fa(0)

wherethe scalingcoefficientscyn, andthe waveletcoefficientsd, , aregivenby:

Cin = (fL,p1n) = % [fiO¢(F —n)dt C-65
din = (fb.pan) = 1+ [fa@®F (5 —n)dt C-66

Thediscretesignaldi, is just the discretewavelettransformcoefficientat resolutionl/2. It
representghe detail or difference information betweenthe original signal co,, and its
smootheddownsampledapproximationci n. Thesesignalsci, andd;, aresaidto havea
resolution of 1/2, if con has unity resolution Every downsamplingby 2 reducesthe
resolutionby thatfactor.

The next stageof decompositionis now easily obtained Take f{ € V1 = Vo, @ W, and
represenit by acomponentn V, andanothein W,

FL(t) = F2() + F2(0) C-67
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f2(t) = X condpan(t) C-68
f2(t) = > doawan(t) C-69

The decompositionnto coarsey smoothempproximatioranddetail canbe continuedasfar

asnecessary
C.3.3 Finite Resolution Wavelet Decomposition

Thefunctionf € Vo canberepresentedasEquationC-62, anddecomposedhto the sumof
alower-resolutionsignal(approximatiof plusdetail (approximatiorerror):

f(t) = f3() + f3(1) = D" c1n27 Y2912 — n) + > d1n27 Y2y (t/2 - n) C-70
The coarseapproximatiorfi(t) canbe decomposedsEquationC-67, sothat
f(t) = f2(t) + f2(t) + 1 () C-71
Continuingupto f5(t), we have
f(t) = f5(t) + 5 + 51 +...+L () C-72
or
f(t) = 3o oL.m22p( L -n)+> . 37 dmn2 ™y (L -n) C73

The purely waveletexpansiorof EquationC-37 requiresinfinite numberof resolutionsfor
the completerepresentationf the signal EquationC-73 showsthatf(t) canberepresented
as a low-passapproximationat scaleL plus the sumof L detail (wavele} componentsat
differentresolutions
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Wavelet Extracted AEP Features Fuzzy Models

In this appendix, the fuzzy TSK models for the six wavelet extracted AEP features, not
presented in Chapter 5, are detailed (i.e. D2, D31, D32, D33, D4 and Dsp). The inputs of the
fuzzy TSK models are the propofol effect concentration (PC¢) and the remifentanil effect
concentration (RCe). The TSK models were obtained using the ANFIS MATLAB Toolbox
for each of the AEP features, considering the training and checking data sets. For each of
the AEP features, the models are presented in the following order:

« |nput membership functions;

« Rule-base table;

 Output membership functions,

« Output surface;

« Results on the training and checking data sets.

D.1 AEP Feature D>

S
S

Degree of membership
Degree of membership

3500 4000 Z 3

2500 3000 4 5 6
Propofol Effect Concentration ing/mi) Remifentanil Effect Concentration (ng/mi)

a) b)
Figure D-1: Input membership functions describing the propofol effect concentration (@) ) and the
remifentanil effect concentration ( b) ), for the AEP feature D TSK fuzzy model.
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Table D-1: Rule-base table for the fuzzy TSK model of the AEP feature D2. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. f; isthe I output membership function,

i=1...,4
PCe RCe
mfl mf2 mf3
mfl | f1
mf2 fo
mf3 f3
mf4 fa

The D, membership functions (output membership functions) are the following:

f1 = 0.0007PCe — 0.0190RC, — 1.3494
fo = —0.0229PC. — 1.9570RCe + 25.6094
fz = —0.0002PC, — 0.1049RC. + 0.6819
fs = —0.0309PC¢ + 0.5019RCe + 162.1829

4000

Remifentanil Ce (ng/ml)

Propofol C A (ng/ml)

Figure D-2: Output surface of the AEP feature D2 TSK fuzzy model.

The results of the TSK model on the training and checking data sets are presented in Figure
D-3. The training and checking data sets are the same for all the wavelet extracted AEP
features, they consist of 2/3 and 1/3 of the whole data, respectively. One out of three
samples was selected for the checking data set.
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Training data set
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Figure D-3: Results of the AEP feature D2 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D from patient Pat1 (solid line), considering the maintenance

D.2 AEP Feature D3
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Figure D-4: Input membership functions describing the propofol effect concentration (@) ) and the
remifentanil effect concentration ( b) ), for the AEP feature D31 TSK fuzzy model.

Table D-2: Rule-base table for the fuzzy TSK model of the AEP feature D31. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. f; isthe I output membership function,

i=1..,4
PCe RCe
mfl mf2 mf3
mfl | f1
mf2 | f2
mf3 f3
mf4 fa
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The D31 membership functions (output membership functions) are the following:

f1 = —0.0032PC. — 0.6908RCe + 11.1178
fo = —0.0022PC, — 0.1321RCe + 9.6112
f3 = 0.0157PCe + 0. 1656RC. — 34.5303
fa = 0.0021PC, — 1.8165RC, + 1.0153

4000

Remifentanil Ce (ng/ml) Propofol ce (ng/ml)

Figure D-5: Output surface of the AEP feature D31 TSK fuzzy model.

Training data set
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Figure D-6: Results of the AEP feature D31 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D31 from patient Pat1 (solid line), considering the maintenance
phase.
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D.3 AEP Feature D3»

S

Degree of membership

Degree of membership

&

2000 2500 3000 3500 4000 2 3

5
Propofol Effect Concentration ing/mi) Remifentanil Effect Concentration (ng/mi)

a) b)
Figure D-7: Input membership functions describing the propofol effect concentration ( @) ) and the
remifentanil effect concentration ( b) ), for the AEP feature D32 TSK fuzzy model.

Table D-3: Rule-base table for the fuzzy TSK model of the AEP feature D3p. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi isthe I output membership function,

i=1,...,4
PCe RCe
mfl mf2 mf3
mfl | fq
mf2 | fo
mf3 f3
mf4 fa

The D3, membership functions (output membership functions) are the following:

f1 = —0.007PCe + 1.566RCe + 8.5694
fo = —0.0043PC, — 0.3294RCe + 19.2396
fz = 0.0217PCe + 1.8704RC. — 61. 8629
fa = —0.0008PCe + 0.0378RC. + 1.7855
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4000

Remifentanil Ce (ng/ml) Propofol ce (ng/ml)

Figure D-8: Output surface of the AEP feature D32 TSK fuzzy model.
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Figure D-9: Results of the AEP feature D3 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D32 from patient Pat1 (solid line), considering the maintenance
phase.
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D.4 AEP Feature D33

S
&

Degree of membership

Degree of membership

2000 2500 3000 4000 2 3 5
Remifentanil Effect Concentration (ng/mi)

Propofol Effect Concentration ing/mi)

a) b)
Figure D-10: Input membership functions describing the propofol effect concentration (@) ) and the
remifentanil effect concentration ( b) ), for the AEP feature D33 TSK fuzzy model.

Table D-4: Rule-base table for the fuzzy TSK model of the AEP feature D33. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi isthe I output membership function,

i=1,...,4
PCe RCe
mfl mf2 mf3
mfl | fq
mf2 | fo
mf3 f3
mf4 fa

The D33 membership functions (output membership functions) are the following:

f1 = —0.0024PC. + 0.4232RC. + 4.3817

f, = —0.0033PC, — 0.0888RCe + 13.6081
f3 = —0.0007PCe + 1.0139RC. — 6.6304
fa = 0.0021PCe — 1.2998RC. — 0. 1886

277



Appendix D: Wavelet Extracted AEP Features Fuzzy Models

Remifentanil Ce (ng/ml)

4000

Propofol C A (ng/ml)

Figure D-11: Output surface of the AEP feature D33 TSK fuzzy model.
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Figure D-12: Results of the AEP feature D33 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D33 from patient Pat1 (solid line), considering the maintenance

phase.
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Figure D-13: Input membership functions describing the propofol effect concentration (@) ) and the
remifentanil effect concentration ( b) ), for the AEP feature D4 TSK fuzzy model.

Table D-5: Rule-base table for the fuzzy TSK model of the AEP feature D4. RCq is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi isthe I output membership function,

i=1,...,4
PCe RCe
mfl mf2 mf3
mfl | fq
mf2 | fo
mf3 f3
mf4 fa

The D4 membership functions (output membership functions) are the following:

f1 = 0.0134PC¢ — 2.2962RC. — 13.6722
fo = 0.2PCe + 103.4RCe — 1098.8

fa

—0.0416PCe¢ — 0.128RCe + 94.7275

fa = 0.3PCe + 55.1RC. — 1644.8
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Figure D-14: Output surface of the AEP feature D4 TSK fuzzy model.
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Figure D-15: Results of the AEP feature D4 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D4 from patient Pat1 (solid line), considering the maintenance

phase.
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Figure D-16: Input membership functions describing the propofol effect concentration (@) ) and the
remifentanil effect concentration ( b) ), for the AEP feature D5z TSK fuzzy model.

Table D-6: Rule-base table for the fuzzy TSK model of the AEP feature Dsp. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi isthe I output membership function,

i=1,...,4
PCe RCe
mfl mf2 mf3
mfl | fq
mf2 | fo
mf3 f3
mf4 fa

The Ds, membership functions (output membership functions) are the following:

f1 = —0.0006PC. + 72.2264RC. — 338. 7697
fo = 0.0199PCe + 9.5601RCe — 123.3977
f3 = —0.3571PC. + 39.6468RCe + 427.9056
fa = 0.016PCe + 30.4844RC. — 73.4977
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Figure D-17: Output surface of the AEP feature Dsy TSK fuzzy model.
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Figure D-18: Results of the AEP feature D5 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D5, from patient Patl (solid line), considering the maintenance

phase.
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