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AdvancedSignalProcessingand Control in Anaesthesia

Catarina Sofia da CostaNunes

This thesiscomprisesthree major stages: classificationof depth of anaesthesia(DOA);

modelling a typical patient’s behaviourduring a surgicalprocedure; and control of DOA

with simultaneousadministrationof propofolandremifentanil. Clinical datagatheredin the

operatingtheatrewasusedin this project.

Multiresolutionwaveletanalysiswasusedto extractmeaningfulfeaturesfrom theauditory

evokedpotentials(AEP). Thesefeatureswereclassifiedinto different DOA levelsusinga

fuzzy relational classifier (FRC). The FRC uses fuzzy 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 maintenancephaseof

anaesthesia. An adaptive network-based fuzzy inference system was used to adapt

Takagi-Sugeno-Kang (TSK) fuzzy modelsrelating systolic arterial pressure(SAP), heart

rate (HR), and the wavelet extractedAEP featureswith the effect concentrationsof

propofolandremifentanil. Theeffectof surgicalstimuli on SAPandHR, andtheanalgesic

propertiesof remifentanil were describedby Mamdani fuzzy models, constructedwith

anaesthetistcooperation. The model provedto be adequate, reflecting the effect of drugs

andsurgicalstimuli.

A multivariable fuzzy controller was developedfor the simultaneousadministrationof

propofolandremifentanil. Thecontrolleris basedon linguistic rulesthat interactwith three

decisiontables, oneof which representsa fuzzy PI controller. The infusionratesof thetwo

drugsare determinedaccordingto the DOA level and surgicalstimulus. Remifentanilis

titrated according to the required analgesialevel and its synergistic interaction with

propofol. Thecontrollerwasableto adequatelyachieveandmaintainthetargetDOA level,

underdifferentconditions.

Overall, it waspossibleto modelthe interactionbetweenpropofolandremifentanil, andto

successfullyusethis modelto developa closed-loopsystemin anaesthesia.
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Chapter 1

Introduction

‘Anaesthesia’ and ‘depth of anaesthesia’ are two different entities that are frequently

confusedbecausetheysharea commonword: anaesthesia. However, anaesthesiacomprises

muscle relaxation, analgesiaand unconsciousness(i.e. depth of anaesthesia). In other

words, depth of anaesthesia(DOA) is one of the componentsof anaesthesia. These

conceptsare still a matterof debatein the medicalarea, leadingto the lack of a global

standarddefinition.

Initially , a single drug was usedand signssuchas movement, lacrimationand sweating,

helpedto determineDOA. Theintroductionof balancedanaesthesia(theuseof threedrugs,

i.e. a musclerelaxant, ananalgesicandananaesthetic) improvedthesafetyandcomfortof

the patientfacilitating the surgicalprocedure, but the clinical signswereobscuredby the

effectsof thedifferentdrugs. Theanaesthetiststartedto usethemeasurablecardiovascular

parameterssuch as blood pressureand heart rate, to basehis/her decisionabout DOA.

However, these parametersare influenced by drugs such as
�

-blockers. In addition,

different patientsrespondin different ways, increasingthe variability of the clinical signs.

Therefore, the searchfor an adequateDOA monitor turned to signals from within the

centralnervoussystem(CNS) (Stanski, 1994; ThorntonandJones, 1993).

The electroencephalogram(EEG) wasoneof the first signalsstudied. However, the EEG

wasfoundto responddifferently to differentanaestheticagents(Iselin-Chaveset al., 1998;

Simanskiet al., 2001; Singh, 1999). An appropriatesignal should show similar graded

changeswith anaestheticconcentrationsfor different agents, it should show appropriate

changeswith surgicalstimulus, andindicateawarenessandlight anaesthesia. Theauditory

evokedpotentials(AEP), which aretheresponseson theEEGto anauditorystimulus, have

beenthe focusof manyresearchesandhaveled to somevery usefulresultsin monitoring

DOA (Backory, 1999; Elkfafi, 1995; Kenny, 2000; Kumar et al., 2000; Nayak and Roy,

1998; ThorntonandSharpe, 1998; Thorntonet al., 1989a).
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Unconsciousness(DOA) is very hardto defineandto measureadequately, sinceno direct

measurementsexist. In addition, to distinguishbetweenstagesthatcould leadto implicit or

explicit memory, with or without pain andthe adequatestageof unconsciousnesswithout

memoryor recall, is not a trivial task(Jones, 1994).

Methodsneedto be developedto extract relevantfeaturesfrom the AEP and to classify

thesefeaturesinto different levelsof DOA. This informationcould be usedto constructa

control systemfor DOA, consideringthe adequateinfusion rateof the anaestheticdrug. In

recentyears, severalresearchershavedevelopeddifferentcontrolstructuresfor inhalational

and intravenousagents, using the AEP and other monitoring techniques. Due to the

complexityandimportanceof DOA, this is anareastill opento improvement.

Balancedanaesthesiaintroducedthe problem of drug interactions. The anaestheticand

analgesicdrugs may have different types of interactions, increasingor decreasingthe

effectsof eachdrug, potentiatingthe different side effectsor even introducingnew side

effects(Berenbaum, 1989; Minto et al., 2000). The anaesthetistneedsto be awareof the

interactionsbetweendrugsfor the safetyof patients. Whenconsideringdrug interactions,

severalaspectsneedto beconsidered, suchasthepropertiesof thetwo drugs, thepresence

of surgical stimulus and the level of DOA. In addition, there are pharmacokineticand

pharmacodynamicinteractions, the first relating to the distribution and clearanceof the

drugsin thebody, thesecondconcernedmainly with theeffectsof thedrugs. Thestudyand

quantificationof theeffectsinherentto thesimultaneousadministrationof the two drugsis

a newandchallengingareaof greatimportance.

Propofol is the most usedintravenousanaestheticagent for 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 somecases, by thedurationof theinfusion(Vuyk, 1999, 2000). Therefore, it

is importantto analysethe effectsof opioidsso asto decreasethe amountof drug infused

andthe recoverytime. Oneof the advantagesof propofol andmanyof the opioids is that

they canbe infusedautomaticallyusinginfusion pumpsandtitratedaccordingto patient’s

needs.

Targetcontrolledinfusion (TCI) systemsarewidely implementedin the operatingtheatre,

determiningthe infusion rateof propofol basedon a targetplasmaconcentrationwhich is

set by the anaesthetist. This may insert a delay in the patient’s response, sincethe drug

effect is governedby the effect concentrationand not the plasmaconcentration(Bovill ,
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2000; Morita et al., 2000; Shafer and Varvel, 1991). In addition, the opioids are

administeredin bolusdosesor constantcontinuousinfusionsby theanaesthetist.

The introduction of the new and ultra-short acting opioid remifentanil, 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 advantagein reducingthe overall

amountof druginfused.

Analgesia, i.e. painrelief, is difficult to establishsincetherein no measureof pain. Thereis

the risk of implicit memorywith pain, which hasa severeeffect on the patientandcould

lead to traumaticexperiencesand post-operativedisorders. Therefore, the analgesicdrug

shouldbe adequatelycombinedwith the anaestheticdrug to be of efficiency in general

anaesthesia. In general, the analgesicdrug is titrated accordingto the type of surgical

procedure, the amount of surgical stimulus and the effects of the stimulus on the

haemodynamicresponses. An opioid with a rapid onsetof action (suchas remifentanil)

allows for a rapid responseto the stimuluseffects. The analysisof the brain signalswould

improvethequality of analgesia, sincetherewould beinformationaboutthearousalcaused

by thestimulusin theCNSandsubsequenteffectson thelevelof unconsciousness.

A simulation system would help to train the anaesthetistin different circumstances,

reflecting the drug interactions. A monitoring and control systemis of great value to

processthe informationfrom the CNS, advisingthe anaesthetistaboutthe DOA level and

requiredinfusion rate. The analysisof the signalsfrom the CNS is crucial, sinceit canbe

doneon-line in theoperatingtheatre. Without this theanaesthetisthasno informationabout

thebrainsignals. In addition, sucha structurewould alsowork asanalarmsystem, alerting

theanaesthetistto anyeventthatcouldinterferewith theinfusionprofilesand/or thepatient

safety, andanyfault(s) in theequipment.

This project searchesfor a solution to the problems presentedabove and for a

robust/reliablecontrol systemthat could determinethe optimal infusion rateof both drugs

(anaestheticandanalgesic) simultaneously, andtitrateeachdrugin accordanceto its effects

and interactions. Sucha systemwould be a valuableassistantto the anaesthetistin the

operatingtheatre.
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1.1 Thesis Overview

This thesisis dividedinto sevenchapters, referencesandbibliography, andfive appendices.

A brief explanationof thecontentsof eachpartis presentednext.

Chapter2 explains the conceptsof anaesthesiaand depth of anaesthesia(DOA). The

methodsof DOA assessmentfrom clinical signalsto evokedpotentials, arepresented. The

chapterfinisheswith a reviewof thecontrolandmonitoringtechniquesusedfor DOA.

Chapter3 dealswith theclassificationof DOA usingtheauditoryevokedpotentials(AEP)

and the haemodynamicparameterssystolic arterial pressure(SAP) and heart rate (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 uses fuzzy clustering and

relational matricesto establishthe link betweenthe natural data clustersand the DOA

levels. The resultsof the FRC are presentedand comparedwith the resultsof a neural

networkanda neuro-fuzzysystem.

Chapter 4 presentsthe clinical data gatheredand used during this research, and the

characteristicsof the anaestheticpropofol and analgesicremifentanil, i.e. the two drugs

focuseduponin this project. Thepharmacokineticmodelsof bothdrugsarepresentedwith

the conceptandmathematicalderivationof the effect concentration. In addition, a review

of the effects of interactionsof drugs relating to the simultaneousadministrationof

anaestheticand analgesicdrugs, is presented. Specialattentionis given to the synergistic

interactionof propofolandremifentanil.

In Chapter5, a hybrid patient model is constructedusing fuzzy logic techniquesand

nonlinearoptimization. Thedatagatheredin theoperatingtheatreareusedto constructand

train the models. The cardiovascularparametersand waveletextractedAEP featuresare

modelled considering two different phasesof general anaesthesia, i.e. induction and

maintenance. The synergismbetweenpropofol and remifentanil is modelled using an

Adaptive Network-Based Fuzzy Inference System (ANFIS). The effects of surgical

stimuluson SAPandHR aremodelledusingtheanaesthetist’s opiniontranslatedinto fuzzy

rules.

Chapter 6 is the developmentof a multivariable control structure for DOA, with
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simultaneousadministrationof propofol and remifentanil. The patientmodel is testedin

open-loop simulationswith different drug profiles. The closed-loop simulationsystemis

presentedin this chapter, linking the patient model, the FRC of DOA and the control

structure. First, a single-outputcontrolleris developed, determiningthe infusionrateof the

hypnoticdrug andusingthe analgesicin a constantinfusion rate. Second, a multivariable

controlleris constructedsoasto determinetheinfusionratesof bothdrugs. Thecontrollers

areconstructedusingfuzzy logic techniques, andtestedvia a seriesof simulationswith the

developedpatientmodel.

Finally, Chapter7 presentstheconclusionsandrecommendationsfor futurework.
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Chapter 2

Depth of Anaesthesia

2.1 Introduction

The word anaesthesia is derivedfrom the Greekandmeans‘without feeling’ . It was first

usedby theGreekphilosopherDioscoridesin the first centuryAD to describethenarcotic

effect of the plant mandragora. In 1771 EncyclopediaBritannicadefinedanaesthesiaasa

‘privation of the senses’ . However, modernanaesthesiais consideredto datefrom 1846,

whenW. Morton introducedetheranaesthesiafor dentalsurgery(Stanski, 1994).

Anaesthesiacan be definedas the lack of responseor recall to noxiousstimuli. General

anaesthesiaincludesparalysis(musclerelaxation), unconsciousness(depthof anaesthesia)

andanalgesia(pain relief). The first two areconcentratedin theoperatingtheatre, whereas

the third is also related to post-operative conditions. In addition, different surgical

proceduresrequiredifferentproportionsof thethreecomponents.

The assessmentof depthof anaesthesia(DOA) during surgeryundergeneralanaesthesia

hasbecomea very difficult processsincethe introductionof balancedanaesthesia. In the

earlydaysof anaesthesia, whena singleagent(e.g. ether) wasusedto control all the three

componentsof anaesthesia, signsof inadequateanaesthesiacould be obtainedrelatively

easilyfrom clinical measurementsandfrom patientmovement. Themainconcernwasthat

muscularrelaxationcould only be providedat deeplevels of anaesthesia. Therefore, the

hypnotic and analgesiccomponentswere in excessof thoserequired, resulting in long

recoveries and other side effects. Postoperativerespiratory and venous thrombotic

complicationswerefrequent(Carrieet al., 1996; Newton, 1993). Thepoint requiringmost

skill and care in the administrationof anaestheticswas to determinewhen it has been
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carried far enough, so as to avoid a too-deepstageof anaesthesia(Thorntonand Jones,

1993).

The introductionof intravenousdrugsaspart of a balancedanaesthesia, (i.e. the useof a

musclerelaxant, an analgesic, and an anaesthetic) madeanaesthesiasaferfor the patient.

The three componentsof anaesthesiacould be more easily adjusted to individual

requirementsimproving the patient’s operativeand post-operativewell-being. However,

this alsomeantthat themeasuresof anaestheticdepthbecameobscuredor evencompletely

ablated, makingthetaskof measuringDOA moredifficult .

Severalquestionsarise from balancedanaesthesia: the introduction of musclerelaxants

meant that excellent relaxation could be obtained while the patient was only lightly

anaesthetised. The degreeof neuromuscularblock can be monitored by observingthe

muscle responseto nerve stimulation, commonly the ulnar nerve. Asbury and Linkens

(1986) and Mahfouf (1994) are someof the researcherswho designedautomaticcontrol

systemsof neuromuscularblockade. However, analgesiaand unconsciousnessare not so

easyto measure. Whena patientis unconsciousit is not alwaysclearhow muchanalgesia

is anagentprovidingor whatis thepatient’s levelof unconsciousness.

Jones (1994) reported several casesof consciousawarenessoccurring in apparently

anaesthetisedpatients. Explicit memory of conscious awarenesswith pain during

anaesthesiais different from the situationwherethereis explicit memoryof intraoperative

eventsbut no pain (i.e. adequateanalgesiabut inadequatehypnosis). Consciousawareness

with painperceptionis themostworrying complicationfor patientsandanaesthetistsalike.

This may cause post-traumatic stress disorder resulting in nightmares, anxiety, a

preoccupationwith deadandevenbereavementconflict. Therefore, it is very importantto

establishanadequatemethodfor measuringDOA.

Anaesthesiologistsuse a variety of observations, such as blood pressure, heart rate,

lacrimation, movement, sweating, and pupil response, to makea judgementon the DOA

(Shieh, 1994). However, agents such as neuromuscular blockers,
�

-blockers,

anticholinergics or opioids obscure these signs of anaestheticdepth making them

unreliable. This has prompted the searchfor methodsfor detectingawarenessduring

anaesthesiaand the gradedchangesthat occur within the centralnervoussystem(CNS)

relatedto DOA.

Depthof anaesthesiacanbeconsideredasa balancebetweenthedepressionof theCNSby

the anaestheticdrug andthe stimulationof surgery. A reliablemonitor of DOA is of great

7



_________________________________________________________________________________________________________________________________________________________
Chapter 2: Depth of Anaesthesia

importanceto establisheffectivecontrolin theoperatingtheatre.

2.2 Assessing Depth of Anaesthesia

Depth of anaesthesiais difficult to define and to measureaccurately. ”Anaesthesia

monitoring” , to assurethat the level of anaesthesiais adequate, is of major importancefor

the anaesthetist, so that accidentalconsciousawarenessduring generalanaesthesiacanbe

avoided. If theeventof consciousawarenessoccurs, it couldleadto extremepsychological

consequencesfor thepatientandto a malpracticelitigation againsttheanaesthetist.

Thedifferentmonitoringmethodsthathavebeeninvestigatedfor DOA canbedividedinto

two groups: thosethatdirectly detectawarenessandthosethat indirectly detectthe level of

consciousnessby bioassaysof anaestheticdepth(Doyle andTong, 1996). The majority of

monitoring methodsused at presentare indirect, meaningthat the anaesthetisthas to

deducethepatientanaestheticstatebasedon thepatient’s response.

TheTunstall’s isolatedforearmtechniqueis anexampleof thedirectmonitoringmethods.

Oneforearmis protectedfrom neuromuscularblock with a tourniquetand, at intervals, the

patient is askedto squeezethe anaesthesiologist’s hand in a specifiedway (Doyle and

Tong, 1996). However, if the patient is unconscioushe will not able to respondto the

anaesthetist’s command. It is worth noting that this techniquemay be suitablefor surgical

interventionswhere only analgesiaand musclerelaxationis neededbut not for general

anaesthesia.

The isolatedforearmtechniquehasalsobeenusedin unconsciouspatients, but insteadof

thepatientsqueezingtheanesthesiologist’s handtheresponseis analysedby themovement

of the arm asa reactionto noxiousstimuli. ThorntonandJones(1993) reportthat patients

responding with the isolated arm during anaesthesiararely recall this experience

postoperatively, andthey do not appearto experiencepain at the time. Theseresultsraise

the probability that very light anaesthesiais sufficient to abolishthe sensationof pain to a

range of surgical stimuli without any significant effect on consciousawarenessbut

inhibiting explicit recall. Consequently, the patient is unconsciousbut the brain may be

able to registerinformation as shownby implicit memoryof intraoperativeevents. This

monitoringtechniquecannotbeusedduringlongperiodsof time, otherwisethepatientmay

sufferfrom theeffectsof ischaemia. In addition, thetourniquetis anextracauseof painfor

8
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thepatient, makingit anunsuitabletechniquealtogether.

A review of the indirect monitoringmethodsis given here. Thesebioassaysof anaesthetic

depthincludeclinical signs, electroencephalogram, evokedpotentials, andothers.

2.2.1 Clinical Signs

Clinical signsof DOA derivedirectly from the patient. Haemodynamicresponsessuchas

heart rate (HR), systolic arterial pressure(SAP), mean arterial pressure(MAP), and

diastolicarterialpressure(DAP) arewidely usedin currentanaestheticpracticefor DOA

assessment, it is thereforelikely thattheycarryusefulinformation. However, theusefulness

of clinical signsis reducedby drugssuchas � -blockersor opioids, andconditionssuchas

surgicalhaemorrhage, i.e. bleeding.

Anaesthetistsusea variety of clinical signs, suchaspupil response, sweating, lacrimation

and haemodynamicresponses. The relevanceof these clinical signs has been widely

discussed.

ThorntonandJones(1993) reportthatafter theintroductionof curare(SecondWorld War),

clinical signssuchaspupil size, respiratoryandperipheralmovementwereeliminated. In

addition, it was very difficult to categorizethe clinical signs of anaesthesiafor one

inhalationalanaestheticagent, let alonefor agentsin general.

Patientmovementas an indicator of DOA is uselesswhen the patient is paralysedvia a

musclerelaxant. Respirationcannotbeusedif a patientis underartificial ventilation. Pupil

diameteris reducedartificially with the applicationof opioids. Nevertheless, the useof

clinical signsis well spreadin anaesthesia.

Greenhowet al. (1992) describeanexpertsystemthatprovidesdecision-supportfor control

of DOA by merging a number of qualitative clinical signs and quantitative on-line

measurements. They usea measureof relevanceandcertaintyto reflect the usefulnessof

clinical signsin differentsituations.

Linkens and Rehman(1992) use artificial neural networks to determineDOA, with

isofluraneas the inhalationalanaesthetic. Targetvaluesfor HR, SAP and respirationrate

arederivedby theanaesthetistfor individual patientsundergoingsurgery, andusedasinput

to the system. They conclude that anaestheticagents affect the respiratory system,
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cardiovascularsystem, centralnervoussystemandmuscle.

The objectiveof Robbet al. (1993) wasto determineif a clinically acceptableanaesthetic

statecould be achievedby altering isofluranedosageto maintainSAP at a predetermined

value. TheysuggestthatSAPis a majorcomponentin theclinical assessmentof DOA.

Shieh(1994) usesa hierarchicalstructureto monitorDOA, basedon measurabledatasuch

as SAP and HR, and on non-numericalclinical signssuchas sweating, lacrimation, and

pupil responsewhichareobservedby theanaesthetistandinput manuallyto thesystem.

Vefghi andLinkens(1999) useSAP, HR, respirationrate, age, weight, andsexto classify

the anaestheticstate. Frei et al. (2000) usedMAP regulationto maintainthe patientin an

adequatelevel of DOA. Theoverall control objectiveof Raoet al. (2000) wasto maintain

thehaemodynamicvariablesMAP, cardiacoutput, andmeanpulmonaryarterialpressureat

desiredsetpoints.

Haemodynamicresponsesarealsousedasa comparisonwhenothermeasuresof DOA are

beinginvestigated(Crabbet al., 1996; deBeeret al., 1996). Mortier et al. (1998) reporton

the complex nature of DOA when simple measuresof the EEG correlatepoorly with

clinical parameters. In particular, haemodynamicparametersare used to determinethe

efficacy of opioids and evaluatetotal intravenousanaesthesia(TIVA ) (Alexanderet al.,

1999a; Hogue et al., 1996; McAtamney et al., 1998). Opioids are used to control

haemodynamicchangesin responseto noxiousstimulus(Casatiet al., 2001; Hall et al.,

2000; Jooet al., 2001; Litman, 2000; O’Hareet al.,1999; Songet al., 1999; Thompsonet

al., 1998).

Wuestenet al. (2001) titratedtheopioidsto maintainHR andMAP within 20% of baseline,

and defined inadequateanalgesiaas responsesto surgical stimulus by hypertensionand

tachycardia. However, inadequatehypnosis was defined as the EEG bispectral index

greaterthan60 andwastreatedwith propofol.

Satisfactoryanaesthesiarequiresadequatecardiovascularand respiratorystability, no or

minimal patient movement, and no awarenessor recall of eventsduring the procedure

(Kenny, 2000). Therefore, it is acceptablethathaemodynamicparametersshouldbeusedas

anextrainformationto assessDOA. However, to rely only uponthemwill not reflectDOA

in generalanaesthesia.
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2.2.2 Anaesthetic Concentration

Monitoring DOA usingthe concentrationof the anaestheticagenthasbeenwidely usedin

the caseof inhalationaldrugs. The minimum alveolar concentration(MAC) of inhaled

anaestheticrequiredto prevent50% of patientsfrom respondingto painful stimulushas

been used as a monitor of DOA (Stanski, 1994). MAC is measuredby end-tidal

concentration. The end-tidal concentrationof anaestheticin the alveoli is used as an

indicator of the anaestheticconcentrationin the brain. The MAC conceptdescribesa

concentration-versus-responserelationship.

Chilcoatet al. (1984) used a controlsystemto bring thetensionof anaestheticin thebrain

to any value specifiedin MAC units. One of the many researchesin control of MAC of

inhalationalagentsis by Nayak and Roy (1998) who useMAC and evokedpotentialsto

estimateDOA.

The introduction of intravenousagentsreducedthe toxic effect of inhalational agents

specially in the liver and kidneysbut also in the operatingroom environment(Morgan,

1983; Zbinden and Luginbuhl; 1996). However, there is not an equivalentof MAC for

intravenousagents.

The steady-stateplasmaconcentrationof intravenousanaestheticrequiredto prevent50%

of patientsfrom responding, doesnot correspondto MAC for inhalationalagentsbecauseit

cannotbe measuredon-line. In addition, the relationshipbetweeninfusion-rateandblood

level concentrationof intravenousdrugsvarieswidely betweenpatients.

The variability of pharmacokineticsfor intravenousagentshasbeenreportedby several

researchers(Glass, 1998; Vuyk, 1998). Similar infusion rates produce significantly

different blood concentrations. For instance, the pharmacokineticsof propofol areaffected

by age, genderandweight(Hirota et al., 1999; McFarlanet al., 1999; SchuttlerandIhmsen,

1993; Vuyk et al., 2001).

Davidson et al. (1993) reported that a 67% nitrous oxide dosagereducedthe EC50

(effectiveconcentrationof propofol at which 50% of patientsdo not respondto a painful

stimulus) by 30%. Furthermore, Vuyk (2000) analysedthe reduction in the required

concentrationof propofolvia opioids.
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2.2.3 Electroencephalogram

The electroencephalogram(EEG) has been used to monitor the effects of general

anaestheticson the CNS, and is known to show graded changeswith increasing

concentrationsof anaesthetics(Doyle and Tong, 1996; Thornton and Sharpe, 1998).

Generatedfrom within theCNS, theEEGis not affectedby neuromuscularblockingagents

andit hasbeenusedto monitorDOA.

The EEG representscortical electrical activity derived from summatedexcitory and

inhibitory postsynapticactivity, which are controlled and pacedby subcorticalthalamic

nuclei. The EEG is a non-invasive indicator of cerebral function when the patient is

unconsciousandunresponsive(Stanski, 1994).

The unprocessedEEG is difficult to interpret, sucha complexsignal is of limited value

(Mortier et al., 1998). Therefore, severaltechniquesinvolving frequencyanalysisof the

EEGhavebeendevelopedsothata reducednumberof numericalparameterscouldbeused

on-line by the anaesthetist, and still reflect the descriptivepropertiesof the EEG with

respectto DOA.

Bispectralanalysisis oneof the techniquesusedto compressthe informationon the EEG.

This is a methodof signal processingthat accommodatesquadraticinteractionsbetween

wavecomponentsmakingup the EEG trace, by quantifyingphasecoupling. Therefore, it

determinesthe harmonicand phaserelationsamongthe variousEEG frequencies(Jones,

1996; Kissin, 2000).

Mortier et al. (1998) use the bispectral index (BIS) as the control variable for the

administrationof propofol in 10 patientsduring spinalanaesthesia. The BIS describesthe

complex EEG patternas a single variable, and similarly to the EEG the BIS behaves

differently with differentanaesthetics. For this reason, theydevelopedBIS usinga database

of EEG data recordedwith different anaesthetics. BIS was also usedby Absalom and

Kenny (1999) to control propofol infusion for anaesthesiain patient undergoing

orthopaedicsurgery.

Kissin (2000) statesthat BIS is promisingasa monitor of unconsciousness. However, BIS

shouldbe derivedstatisticallyfrom a databasewhich includesmanytypesof anaesthetics

andtheir combinations. If BIS is usedwith a new drug or new patientpopulationthat was

not in theoriginaldatabase, it mustbere-evaluated. In thesamestudy, it is reportedthatthe
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accuracyof BIS is alteredwith the addition of opioids or nitrous oxide. The accuracyof

BIS monitoringto preventawarenessis higherwhena singleanaestheticis used.

Gajraj et al. (1999) comparedthe bispectralEEG analysiswith auditoryevokedpotentials

(AEP) for monitoring DOA during propofol anaesthesia. They reportedthat the BIS was

unable to detect the transactionfrom unconsciousto consciousness. Nevertheless, BIS

appearedto measuretheeffectof thehypnoticat thetime of unconsciousness.

Muthuswamyand Roy (1999) usedfuzzy integralsand bispectralanalysisof the EEG to

predictmovementunderanaesthesia. Theydesigneda methodologyfor estimatingDOA in

a caninemodel that integratesEEG derivedparameters, haemodynamicparameters, and

MAC of inhalational agents (isoflurane, halothane, and nitrous oxide). The EEG

characteristicschanged with the anaestheticlevel and various other physiological

parameters. As a result, theyconcludedthata singlemodelmaynot beaccurateat all times.

Singh (1999) reportedthat the utility of BIS dependson the anaesthetictechniquebeing

used. When isofluraneor propofol areusedas the primary anaestheticagents, changesin

BIS correlatewith the probability of responseto skin incision. If opioids are used, the

correlation of BIS values with movement responseto skin incision becomes less

significant. They conclude, that BIS is a monitor of sedationor hypnosisand cannot

providepre-emptivewarningaboutinadequacyof all thecomponentsof anaesthesia.

Gentilini et al. (2001a, 2001b) arepartof a researchgroupthathasbeenstudyingtheuseof

BIS in closed-loop control of anaesthesia. They use BIS for modelling and closed-loop

control of hypnosiswith the volatile anaestheticisoflurane. The controller is basedon a

modelidentified from experimentson 20 volunteers(Gentilini et al., 2001b). Themodelis

usedto predict BIS from the measuredendtidal isofluraneconcentrations. The complex

systemsincludeartifacttolerance, respiratorysystemmodel, anda smoothtransferbetween

manual and automaticcontrol. The closed-loop systemwas testedon one patient and

presentedan acceptableperformance. This study confirmed the usefulnessof the BIS

monitor for the titration of the drug. The authorsstatethat this closed-loop systemcanbe

used with other volatile anaesthetics, as long as the appropriatepharmacokineticand

pharmacodynamicmodel is used. If intravenousanaestheticsareusedthe approachhasto

becompletelychanged, sincetherespiratorysystemwill not beusedandtheconcentrations

cannotbe measuredonline. This is a ongoingstudy which involves severalresearchers,

suchasLuginbuhlandSchinder(2002). Theyreportedtwo casestudiesusingBIS to detect

awareness, when using the anaestheticdrug propofol and the analgesicremifentanil. The

BIS monitoringprovedto bea usefultool for earlydetectionof anunintendeddecreaseof
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hypnotic drug effect. BIS correlateswith both the incidence of explicit and implicit

awareness. The useof DOA monitorsis useful in preventionof awarenesstogetherwith

practiceguidelinesandcontinuouseducationof theanaesthetist.

Simanskiet al. (2001) consideredthe control of neuromuscularblockadeand control of

DOA using BIS and the cardiacoutput as inputs to the system. They concludedthat the

main disadvantageof the EEG measurementis the variation with different anaesthetic

agents.

Spectraledgefrequency(SEF) (95% of thepower) andthemedianfrequency(MF) (50% of

the power) of the EEG have also been investigatedfor the possibility of detecting

awareness. Gajrajet al. (1998) showedthattherewasalmostno separationbetweentheMF

andSEFvaluesobtainedin the awakeandunconscioussubjects, raisingdoubtsaboutthe

adequacyof thesemeasurements. The samestudy showedthat BIS correlateswell with

predictedblood concentrationof propofol during recoveryof anaesthesia, but the auditory

evokedpotentialswerebetterat distinguishingconsciousnessfrom unconsciousness.

Asterothet al. (1997) usedthe MF as the control variableto adjustthe vaporizersetting.

They reported that MF alone does not include enough information to enable proper

classification.

Graaf et al. (1997) useneuralnetworksto extract featuresfrom the raw EEG. They use

thesefeaturesto designa decisionsupportsystemin anaesthesia.

Kuizengaet al. (1998) studiedthe effectsof propofol on the EEG in 10 healthysurgical

patientsunderextraduralanalgesia. TheEEGamplitudein six frequencybandswasrelated

to arterial blood propofol concentrationand responsivenessto verbal commands. They

observeda biphasic EEG amplitude responseto an increasingblood concentrationof

propofol in all frequencybands. In thesameresearch, it wasreportedthat thestudyof EEG

changescausedby hypnosisin theanaesthetisedsurgicalpatientarehinderedby theeffects

of currentlyadministeredsedativeandanalgesicdrugs.

Zhangand Roy (2001) useEEG derivedparameterssuchas complexity, regularity, and

spectralentropyto estimateDOA.

The EEG changesvary from different combinationsof anaestheticagentsused, because

differentagentshavedifferenteffectson theEEG(ThorntonandJones, 1993). In addition,

Iselin-Chaveset al. (1998) report that eachanaestheticaltersthe EEG differently, making
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precisecorrelationbetweenEEGchangesandDOA problematic.

2.2.4 Evoked Potentials

Evokedpotentials(EP) arederivedfrom the EEG in responseto auditory, somatosensory,

nociceptiveand visual stimuli. They reflect the functional integrity of specific peripheral

andCNSregionsin humans(ThorntonandSharpe, 1998).

The EP are describedin terms of the post-stimulation latency in ms (time between

application of a stimulus and the occurrenceof a peak in the EP waveform) and

peak-to-peakamplitude(in mV or nV) of individual peaksin the waveform. Thesepeaks

andtroughsarisefrom specificneuralgenerators.

EP aresensitiveto anaestheticdrugs. As a result, they havebeeninvestigatedaspossible

measuresof anaestheticdrugeffectandDOA (Kumaret al., 2000; Stanski, 1994; Thornton

andJones, 1993).

The change in EP is similar and uniform for potent inhalational and intravenous

anaesthetics. This contrastwith the EEG, in which different parametersmustbe examined

dependingon theanaestheticbeingused.

Accordingto the typeof stimulusused, therearefour mainEP: auditoryevokedpotentials

(AEP), somatosensoryevokedpotentials(SEP), movementevokedpotentials(MEP) and

visualevokedpotentials(VEP). Theadvantagesanddisadvantagesof SEP, VEP andMED

arepresentedhere. The AEP aredescribedin greaterdetail in Section2.3. The AEP have

beengreatlyusedto monitorDOA, thesignalshowssimilar gradedchangeswith different

anaestheticsandreflectsthesubjectiveclinical signsusedby theanaesthetist.

2.2.4.1 Visual Evoked Potentials

Visual evokedpotentials(VEP) are recordedafter monocularstimulationwith recording

electrodesovertheoccipitalparietalandcentralscalp. TheVEP arerecordedin responseto

visualstimuli suchasflashinglights or a checkerboardpattern. VEP havethedisadvantage

that the highly reproduciblepatternof EP requiresthe subject to focus on the checker

board, which is not possiblefor anaesthetisedpatients. In addition, VEP with flashinglights

arevariablebetweenpatientsand trials, this hasbeendescribedasqualitativeratherthan

quantitative(ThorntonandSharpe, 1998). Kumar et al. (2000) statesthat VEP cannotbe
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reliably interpretedintra-operatively.

VEP havebeenusedin neurologyto confirm andlocalizesensoryabnormalities, to identify

silent lesion and to monitor changes, but 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 electrodes) within musclesinnervatedby the motor

nerveof surfaceelectrodes, afterdirectstimulationof thenervein theoperativefield. MEP

assessthefunctionof themotorcortexanddescendingtracts(Kumaret al., 2000).

Pechsteinet al. (1998) tested the influence of two anaesthetictechniquesof general

anaesthesia(isoflurane plus nitrous oxide or propofol) 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 therecordingof muscleactivity, andthatevaluationof muscularresponses

aftertranscranialstimulationis not feasiblewith balancedanaesthesiawith isoflurane.

Motor function testingis not feasibleduring someoperationsandneuromuscularblocking

drugsmayobscuretheresponsescompletely.

2.2.4.3 Somatosensory Evoked Potentials

Somatosensoryevokedpotentials(SEP) areproducedby stimulationof thesensorysystem.

They can be recordedby stimulatingalmostany nervetrunk at variouslevels. The most

frequentarethosein responseto medianandulnar nervestimulation. The SEPelicited in

responseto cutaneouspainful stimuli havea larger latencydependingon the site andtype

of stimulus(ThorntonandSharpe, 1998).

Nuwer (1998) reviewstheapplicationsof SEPin neurologyandin theoperatingroom. He

statesthat certain inhalational anaestheticsmust be avoided when using cortical SEP

monitoring, becausetheresponsecanbeabolishedby 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

quality whenthepatientis testedasleep, andtheyhavebeenusedin the intensivecareunit

16



_________________________________________________________________________________________________________________________________________________________
Chapter 2: Depth of Anaesthesia

(ICU) to assessprognosisfor comatosepatients.

Kumar et al. (2000) explain that both false-negativeand false-positive resultshavebeen

reportedwith intraoperativeSEPmonitoring. However, the reliability of SEP to predict

post-operativesomaticsensoryfunction is very good. This supportsthe ideaof SEPbeing

usedmainly in ICU.

Cortically generatedSEP wavesreflect the analgesicrather than the hypnotic action of

anaesthesia. Thorntonand Jones(1993) report observationsthat etomidateand propofol

(which aredevoidof analgesicaction) failed to depressthe response, whereasopioidslike

fentanyl, sufentanil, and morfine significantly suppressamplitudesof SEP. In contrast,

Samraet al. (2001) report that there is large variability in SEP morphology with the

introductionof opioids. Theycomparetheeffectsof two opioids(remifentanilandfentanyl)

on intraoperativemonitoringof SEPduring isofluraneanaesthesia, but it is not clearif the

resultspresentedaredueto theanalgesicactionor to the interactionbetweentheanalgesic

andtheanaestheticdrugs.

2.2.5 Other Methods of DOA Assessment

Thelower esophagealcontractibilitymethodmeasurescontractionsof thelower esophagus.

Thestriatedportionof theesophagusis innervatedby reticularformationof thebrainstem.

Stanski (1994) explains how DOA might be measuredby the degreeof spontaneous

contractionof the lower esophagus. Consideringthat increasingconcentrationsof potent

inhalatedanaestheticsdecreasedlower esophagealcontractibility, it was inferred that the

frequencyof suchcontractionscouldpredictmovementin responseto skin incisionduring

anaesthesia.

Thornton and Jones(1993) state that there is large variability betweenpatients, with

differentanaesthetictechniques. Theyalsoreportthatthedoseresponsecurvefor provoked

esophagealcontractionswas shallowerthan that for spontaneouscontractions. Therefore,

the method may be inappropriatefor assessingcognitive function during anaesthesia.

Furthermore, Thornton et al. (1989b) reportedthat there was no consistentrelationship

betweenesophagealcontractionsand evokedpotentials. In addition, there was also no

relationbetweenloweresophagealcontractibilityandpropofolbloodconcentration.

Bojanic et al. (2001) place the hypothesisof ocular microtremor (OMT) as a tool for

measuringDOA. OMT is a fine high frequencytremorof the eyescausedby extra-ocular
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muscleactivity stimulatedby impulsesemanatingin thebrainstem. Theystudiedtheeffect

of generalanaesthesiainduced with propofol on the OMT in 22 patients. There were

significant differencesbetweenthe last awakeOMT recordingand the first recordingat

lossof consciousness. Furtherstudiesareneededto establishthe efficacy of this method;

OMT hasanobviousmeasurementdifficulty .

2.3 Auditory Evoked Potentials

The auditory evoked potentials (AEP) waveform with its seriesof peaksand troughs

representsthepassageof electricalactivity from cochleato cortex. TheAEP aremeasured

via electrodeson thesurfaceof thescalp. Theyareresponseson theEEGto 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 andMantzaridis, 1999; Linkenset al., 1997a; NayakandRoy, 1998;

ThorntonandSharpe, 1998; Thorntonet al., 1989a).

TheAEP consistof threewaves: thebrainstemwaves(1-10 ms), themiddle latencywaves

(or earlycortical, 10-100 ms), andthe late latencywaves(or latecortical, � 100 ms). These

wavesaregeneratedfrom different levelsof theneuraxis, which aredifferentially sensitive

to drugsandsensorystimuli. TheAEParenot affectedby neuromuscularblockingdrugs.

The latecorticalwavesareattenuatedandevenabolishedby generalanaesthesia, sedation,

andsleep. Therefore, theyarenot appropriatefor clinical use.

The brainstemwaveslatencieshavedose-relatedincreaseswhen inhalationalagentsare

used. However, intravenousagents(such as propofol) have little or no effect on the

brainstemwaves. As a result, they cannotbe usedto measureDOA when intravenous

agentsarepresent(ThorntonandJones, 1993).

Middle latencyevokedpotentials(MLAEP) areableto distinguishbetweenthe awareand

anaesthetisedstateand subsequentCNS depression, reflecting the balancebetweenCNS

depressionscausedby anaestheticdrugsand arousalcausedby surgicalor other stimuli.

Changesin the latency of the MLAEP correlate with the transition from awake to

unconscious, and subsequentdecreasesand increasesin the amplitude of thesewaves

reflect the interplayof generalanaesthetics, surgicalstimulationandobtundingof the latter

by analgesics(ThorntonandSharpe, 1998).
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Figure2-1 andFigure2-2 showthe MLAEP signal (peakslabelledNa, Pa, Nb, Pb) when

the patient is awakeand anaesthetisedrespectively(Backory, 1999). The difference in

amplitude and latency of the peaks is clear between the two figures, reflecting the

correlationbetweenMLAEP andDOA.

Kumaret al. (2000) statethatthechangein theMLAEP reflectsthehypnoticcomponentof

anaesthesiaas opposedto an analgesiceffect. The MLAEP are particularly helpful in

understandingthe central effects of various anaestheticagentsand in monitoring the

conceptof implicit memory, awarenessandDOA. The AEP reflect the subjectiveclinical

signsthatanaesthetistsuse, andindicatethe responseof theCNS. However, AEP havethe

disadvantageof beingsusceptibleto intraoperativedisturbances(Simanskiet al., 2001).

Figure2-1: TheAEP from anawakepatient(Backry, 1999).

Figure2-2: TheAEP from ananaesthetisedpatient(Backory, 1999).
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Consideringtheability of theMLAEP to reflect theanaestheticstate, therearetwo studies

basedon the possibility of the MLAEP predictingmovementduring generalanaesthesia.

Schwenderet al. (1997) reportedthat during intraoperativemovement, amplitudesof the

MLAEP increasedand latenciesdecreasedprogressively. Whenmovementwasobserved,

the recordedMLAEP were similar to the awakestate. This study was performedin 40

patients undergoing elective laparotomy under epidural analgesia, anaesthesiawas

producedwith isofluraneor propofol. In contrast, Kochset al. (1999) reportedthatnoneof

the AEP or EEG variableswere able to predict whetherpatientswould move to surgical

incision. However, datacollectedafterskin incision, whenthepatientwasactuallymoving,

reflectedsignificant changesin Pa and Nb amplitude from the pre-to-post incision. Of

course the information is obtained too late to be of predictive value for the

anaesthesiologist. Therefore, MLAEP may not predict movementin responseto surgical

stimuli, but theyindicateinadequateanaesthesiaby respondingto movement.

Signalprocessingof the AEP is divided into two steps: extractingthe AEP, andobtaining

relevantfeaturesfrom the signal so as to assessDOA. Subsequentsectionsexplain the

extractionof the AEP from the EEG andalsothe different methodsusedfor AEP feature

extraction.

2.3.1 Signal Extraction

TheAEP areresponsesin theEEGto auditorystimuli. Therefore, it is necessaryto extract

theAEP from therandombackgroundEEGor noise. Ensembleaveragingis themostused

tool in the analysisof evokedbrain waves(Aunon et al., 1981; Thornton and Sharpe,

1998).

This techniquerequiresthestimulusto beappliedat a knownandprecisepoint in time, and

is straightforwardfor auditory, visualandelectricalstimuli.

It is assumedthatthemeasuredwaveformf � t � is of theform:

f � t � � a � t � 	 n 
 t � 2-1

wherea 
 t � is the evokedpotentialandn 
 t � is the noise(i.e. the ongoingEEG). Therefore,

if the noise n 
 t � is independentof the AEP and a 
 t � repeatsitself with eachstimulus

presentation, thenan estimateof the AEP canbe obtainedby simpleensembleaveraging

(Aunonet al., 1981).
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Ensembleaveragingdecreasesthe noisein a mannerinverselyproportionalto the square

root of thenumberof replications, assumingthat thesignalcomponentis deterministic, the

expectedvalue of n � t 
 is zero, the noise in one epochis not correlatedto the noise in

another, andthattheaveragepoweris thesamefor eachepochof noise.

2.3.2 AEP Feature Extraction

The MLAEP show graded changeswith anaestheticconcentrationsand show similar

changesfor different agentsin the time and frequencydomains. Appropriatechoice of

signal featuresfor data compressionwith acceptableclassification performanceis of

primary concern in the design of automaticDOA monitors. Researchershave used a

different numberof discriminatoryfeaturesextractedfrom the MLAEP. A review of these

methodsis presentednext.

2.3.2.1 Pa and Nb Latencies

Several researchersreported that the Nb latency is associatedwith wakefulnessand

consciousawarenesswith explicit recall. As the latency increases, amnesiaoccurs,

followed by lossof consciousnessandultimately lossof implicit memory(de Beeret al.,

1996; Kumaret al., 2000; Newtonet al., 1989; Savoiaet al., 1988; Schwenderet al., 1997;

ThorntonandJones, 1993; Webbet al., 1996).

Increasingconcentrationsof propofol reducedamplitudesandincreasedlatenciesof waves

Pa and Nb. These changesin the early cortical variables were related linearly to

concentration. Researchersconcludedthat MLAEP reflect the hypnotic componentof an

anaestheticdrug(Schwenderet al., 1994; Thorntonet al., 1989a; White et al., 1999).

Palm et al. (2001) investigatedthe dose-responserelationshipof propofol and MLAEP.

They studied 100 patients in cardiac surgery with a propofol/sufentanil regimen. The

MLAEP whereevaluatedusing Pa/Nb amplitudesand Nb latencies. Propofol suppressed

amplitudePa/Nb in a dosedependentmanner. In thesamestudy, it wasreportedthatAEP

arelessinfluencedby theapplicationof opioidsandbenzodiazepines, whereasanaesthetics

like isofluraneor propofol diminish MLAEP in a dosedependentmanner. As a result, the

preservedMLAEP during opioid-based anaesthesiaallow 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 theamplitudedifferencebetweensuccessivesegments

of theMLAEP.

Gajraj et al. (1998, 1999) used the AEP index to distinguish the transition from

unconsciousnessto consciousness. TheyreportedthattheAEP indexwasbetterthanBIS at

distinguishing consciousnessfrom unconsciousness, while BIS correlated well with

predictedblood concentrationof propofol. They concludedthat AEP index providesa

measureof theoverallbalancebetweensurgery, analgesiaandhypnosis. This characteristic

of the MLAEP is alsosupportedby Thorntonet al. (1988, 1989b). They reportedthat the

amplitudeof cortical wavesin the AEP aresensitivenot only to anaestheticconcentration

but alsoto surgicalstimulation.

Doi et al. (1997) also statedthat the AEP index did not correlatewith blood propofol

concentrationbeforeeyeopening. They observedthat the AEP index reflectsthe level of

consciousnessratherthan blood concentrationof propofol. Schraaget al. (1999b) proved

that the AEP index has more discriminatory power (describing the transition from

consciousto unconsciousstate) thanBIS.

2.3.2.3 AEP Feature Extraction using the Wavelet Transform

One of the methodsused for detailed feature extraction from recordedAEP during

anaesthesia, is the wavelettransform(WT) (Backory, 1999; Lee et al., 1997, 1998; Miller

et al., 1998; Qin et al., 1998; Thakoret al., 1993). TheWT hasalsobeenusedfor feature

extractionof otherbiomedicalsignalssuchastheelectrocardiogram(ECG) (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 componentswere usedto calculatethe averageenergyin eachof the components

(Abbod andLinkens, 1998b; Backoryet al., 1998; Linkenset al., 1997a). Thesefeatures

werevalidatedby Backory(1999) usingdatafrom 14 patientsundergeneralanaesthesia.
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Stockmannset al. (1997) investigatedif theWT couldbeusedfor thequantificationof the

MLAEP signal. Their analysiswasbasedon the consecutiveextractionof the detailsfrom

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

one-dimensionaldiscretewavelet-decomposition. Only one parameterwas obtainedby

combining significant coefficients. This wavelet parameterof the MLAEP could detect

anaesthetisedandawakewith similar accuracyandover-all classificationcomparableto the

Nb latency. This methodwasnot usedunderclinical conditions, thereforeno interference

from noxiousstimulusis present.

NayakandRoy (1998) usedthe discretetime wavelettransform(DTWT) to compactthe

MLAEP. A stepwisediscriminantanalysiswasperformedto obtainthreefeaturesfrom the

MLAEP that couldseparaterespondersfrom nonresponders. They reportedthatacceptable

clinical performancewasobtainedin dogs.

NayakandRoy (1995) comparedthe DOA predictionperformanceof the WT with power

spectrumand the autoregressiveparameterof the MLAEP. Results showed that WT

parametersusedin combinationwith anaestheticconcentrationclassifiedcorrectlyall the

testingdata. The betterperformanceof the WT wasattributedto good localizationin the

time frequencydomainand low sensitivity to signal-to-noiseratio. In this study, MLAEP

datawascollectedfrom dogsunderisofluraneanaesthesia.

2.3.2.4 Other Methods of AEP Feature Extraction

Munglani et al. (1993) usedcoherentfrequencyof theAEP asa measureof consciousness

in isofluraneanaesthesia. The coherentfrequencyof AEP is derivedusingauditoryclicks

presentedat frequenciesin the range5-47 Hz (after Fourier transform). They concluded

that the coherentfrequencyreflects the likelihood of cognition during anaesthesia, as it

showedconsistentchangeswith anaestheticadministrationandstimulation.

Elkfafi et al. (1997) processedthe AEP using a parametricidentification technique. The

basisof this approachwasa parametricmodel(ARX) providedfor both therequiredsignal

(AEP) and the superimposednoise (EEG). Three factors were elicited to describethe

changesin amplitudesand latenciesof MLAEP. They comparedthe useof AEP with the

useof classicalcardiovascularparametersfor monitoringDOA. AEP signalsgavereliable

resultsin all caseswhile sometimesSAP and HR did not representDOA adequatelyfor

physiologicalreasons(e.g. bloodloss, fluid loss).
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Allen andSmith(2001) useda simpleback-propagationneuralnetworkto extractpertinent

featuresfor the AEP signal. Thesefeaturesare used as input to a control systemfor

administrationof anaesthetic.

2.4 Monitoring and Control in Anaesthesia

The adequacyof a DOA monitor hasbeendeeplydiscussedin the researcharea. Ideally,

sucha monitorshoulddistinguishbetweentheawakeandtheunconsciousstateandshould

not be affectedby the haemodynamicstatusof the patient or by vasoactivedrugs. A

reliable monitor of DOA shouldpresentsimilar answerswith different anaestheticdrugs

administered to equal potency. Furthermore, it should have the ability to control

anaesthesiain a closed-loopsystem.

A closed-loop control systemfor anaesthesiaallows more frequent and more accurate

adjustmentsto the DOA (i.e. automatedand online measurementof DOA). As a result,

better control is possible. The anaestheticdrug is titrated according to the individual

patient, allowing for interpatientvariability of pharmacokineticsand pharmacodynamics,

andrespondingto changesof surgicalstimuli. Generalanaesthesiawould be saferfor the

patientas it helpsto reducethe incidenceof awarenessand overdose, and optimizesthe

recovery times. If automated, the systemwould help the anaesthetistby reducing his

workload and supplementingclinical signs (which the anaesthetisthas accessto) with

informationfrom within theCNS.

AbsalomandKenny(2000) commentedon theusefulnessof closed-loop controlsystemsas

a researchtool in anaesthesia, for thestudyof theeffectsof drug interactionsanddifferent

anaesthetictechniques. Thesesystemscanalsobeusedasa supplementarytrainingtool for

anaesthetists(SchuttlerandSchwilden, 1996).

A closed-loop control systemin anaesthesiashouldbe able to achieveand maintain an

adequatelevel of DOA. In theprevioussectiona reviewwascarriedout of theanaesthetic

depthindicatorsusedin anaesthesia. In this section, a generalreviewaboutthecontroland

monitoringsystemsusedby researchersis presented.

Greenhowet al. (1992) describedanexpertsystemcalledRESAC(real time expertsystem

for adviceand control) that providesdecision-supportfor control of anaestheticdepthby

merging a number of qualitative clinical signs and quantitativeon-line measurements.
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RESAC usesfuzzy logic and Bayesianinferenceto copewith conflicting and uncertain

evidenceof the clinical signs. The systemis an advisor to the anaesthetistas to the

anaestheticstate. Linkens and Rehman(1992) demonstratedthe ability of an artificial

neuralnetwork(ANN) to replicatetheadvicefrom RESAC. Theyusedtargetvaluesof HR,

SAP and respirationrate (desiredby the anaesthetistfor individual patientsundergoing

surgery) asinputsfor thetrainingof theprogram.

Webbet al. (1996) describesa preliminarystudyof automaticcontrol of anaestheticdrug

duringsurgery, in anattemptto improvethequality of control, to minimisedrugusage, and

to minimise the recovery time from surgery. The techniquecombinesa fuzzy logic

controlleranda neural-basedprocessingof theAEP.

An automaticmodelbasedcontrol of volatile anaestheticsexploiting the MF wasusedby

Asterothet al. (1997) to adjustthevaporizersettings. However, anexplicit invertiblemodel

is required to capture the dependenceof control parametersand effects. Due to

mathematicalrestrictions, this approachcannotbegeneralisedto morethanonenarcotic.

Mortier et al. (1998) used BIS to control propofol administration by a patient

individualized adaptive model-basedcontroller incorporating target controlled infusion

(TCI) technology combined with a pharmacokinetic-pharmacodynamicmodel. The

closed-loopsystemwasableto sedatepatientsundergoingsurgeryunderspinalanaesthesia.

This reducedthe clinical workload and the amountof drug infused. Morley et al. (2000)

alsousedBIS asthe targetof a proportional-integral-derivative(PID) controlleralgorithm

for drugadministration, soasto free theanaesthetistfrom the taskof adjustinganaesthetic

depth manually. No clinical utility beyond this was demonstrated. Furthermore, the

closed-loop systemworkedwell in clinical practicebut it did not performbetterthan the

anaesthetistmanualcontrol.

Neuralnetworksconstitutepopularapproachesfor estimatingDOA from MLAEP features.

NayakandRoy (1998) usedthis approachto control inhalationalanaestheticconcentration

(isoflurane) deliveredto a patient, basedon a fuzzy logic controller. The systemhad a

clinically acceptableperformancein dogs.

Huanget al. (1999) useda systemthatdeterminesDOA by assessingthecharacteristicsof

the MLAEP which were extractedby WT. A four layer ANN was usedto classify the

MLAEP featurescoupledwith the effect concentrationof propofol into respondersand

nonresponders. The DOA as determinedby the ANN is regulatedby a fuzzy logic based

controllerfor thescheduleddecrementationor incrementationof propofol. This systemwas
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implementedusingexperimentswith dogs.

KennyandMantzaridis(1999) usedtheAEP indexasthe input of a controlalgorithm that

setsthebloodlevel of propofolto beachievedby a TCI pump. Thealgorithmcalculatesthe

requiredtargetconcentrationof propofol from the differencebetweenthe measuredAEP

index and a set AEP index target values selectedby the anaesthetist. There was no

incidenceof intraoperativeawarenessandmovementinterferingwith surgerywasminimal

in the100 patientsstudied. Notethattheanaesthetistneedsto befamiliar with valuesof the

AEP indexsoasto beableto selectanadequatetarget.

TheAEP index is alsousedby Kenny(2000) in a closed-loop controlsystemto administer

propofol in 100 patientsbreathingspontaneouslyand also in patientswho receiveda

paralysingdrugduringsurgery. Thequality of anaesthesiawasjudgedto besatisfactoryas

assessedby scoresof automaticactivity, cardiovascularstability and minimal movement

duringsurgery. No occurrenceof awarenesswasreported.

A simple back-propagationneuralnetwork can learn the AEP and provide a satisfactory

input to a fuzzy logic infusion controller for the administrationof anaestheticdrugs. This

approachis usedby Allen andSmith(2001). Neuralnetworkswerealsousedby Vefghi and

Linkens (1999) to classify SAP, HR, respiration rate, age, weight and sex into three

anaestheticstates(aware, relaxedanddeep). The networkaccuratelymappedthe different

variablesinto thecorrespondinganaestheticstatesanddosagefor differentpatients.

Decisionsupportinformationin anaesthesiais becomingmoreandmorepopular. Lowe et

al. (2001) developedan intelligent monitor with intuitive graphical presentationof

decision-support information for the anaesthetist. Joneset al. (2001) used fuzzy trend

templatesto developa sentinelanaesthesiamonitor to lighten the cognitive load of the

anaesthetist. There is a motivation for developingan automated(and thereforevigilant)

systemthatwouldbeableto detectthepresenceor onsetof anundesirablestateof healthin

theanaesthetisedpatient, andpresenta possiblediagnosisto theattendinganaesthetist. The

fuzzy trendtemplateswerea goodrepresentationof the anaesthetistdiagnosisknowledge

(Lowe et al., 1999a, b) . Previously, Beckeret al. (1997) designedan intelligent patient

monitoringandalarmsystemfor the operatingtheatre. This systemevaluatedthe patient’s

haemodynamicstateusinga knowledge-basedapproachon the basisof a vital parameter

database. This knowledgebaseis formedby evaluationrulesexpressedby the anaesthetist

in natural language. The researchprototypeof the whole systemwas implementedand

evaluatedin the operatingtheatre. The evaluationof 684 eventsyieldeda sensitivity and
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predictabilityof thealarmrecognitiononmorethan99%.

Zhang and Roy (1999, 2001) used an adaptivenetwork-basedfuzzy inferencesystem

(ANFIS) to integrate EEG extractedfeaturesfor decision making in anaesthesia. By

eliciting fuzzy IF-THEN rules the model providesa way to addressthe DOA estimation

problem. This monitoring system was implementedin experimentswith dogs under

propofolanaesthesia.

A multitaskedclosed-loop control consistingof two additionalcontrollersis presentedby

Gentilini et al. (2001a). They tried to control MAP andcontrol hypnosisthroughBIS, for

isofluraneanaesthesia. This is an advisorcontrol systemusedwith the anaesthetistclose

supervision. Another decisionsupportsystemwas designedby Graaf et al. (1997) and

offersdataprocessingto alerttheanaesthetist.

Linkens and colleagues(Abbod et al., 1998; Backory et al., 1998; Elkfafi et al., 1997;

LinkensandAbbod, 1998; LinkensandMahfouf, 2001; Linkenset al., 1996b; Linkenset

al., 1998) havebeenengagedin researchinto modelling and control in biomedicinefor

manyyears. A hierarchicalfuzzy monitor for DOA wasdevelopedby Shieh(1994). This

hierarchicalstructurehastwo levels, the first level usednumericalclinical signs(SAPand

HR) to interpret a primary DOA based on a rule-base derived by the anaesthetist

experience. The secondlevel usednon-numericaldata, suchassweating, lacrimationand

pupil responsewhich wasmergedwith theprimaryDOA from thefirst level to decidewith

moreconfidence. Linkenset al. (1996b) useda self-organizingfuzzymodellingapproachto

generatetherulesfrom thehierarchicalstructureon-line usinginput andoutputdata. After

this approachusingonly clinical signsthegroupstartedto researchsignalsfrom within the

CNS. A quantitativefeatureextractionwas implementedto extractthe factorsdescribing

thechangesin amplitudesandlatenciesof theMLAEP. As a result, threeprincipal factors

were obtainedand then mergedtogetherusingqualitativefuzzy logic to createa reliable

indexfor monitoringdepthof anaesthesia(Elkfafi, 1995; Elkfafi et al., 1997; Elkfafi et al.,

1998). Furthermore, a multi-sensorfusionsystemfor monitoringandcontrol of DOA was

designed(Abbod and Linkens, 1998a; Linkens and Abbod, 1998; Linkens et al., 1998).

This systemusedneuro-fuzzyandmultiresolutionwaveletanalysisfor monitoringtheDOA

basedon the MLAEP signal. Another measureof DOA was basedon the cardiovascular

systemstatususing a rule-basedfuzzy logic classifier. The two measureswere merged

togetherusingrule-basedfuzzy logic datafusion to decidethe final DOA. Backory(1999)

usedanartificial neuralnetworkto classifytheMLAEP extractedfeaturesinto 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 anaesthetistto

selectthe targetbloodconcentrationrequiredfor a particulareffect, andthencontrolDOA

by adjustingtherequestedtargetconcentration.

TCI systemsare very much in use by anaesthetists, specially since infusion pumps

incorporate‘Diprifusor’ (TCI systemfor propofol). Thesepumpscanbeusedto induceand

maintainanaesthesiawith propofol. If usingsucha system, theanaesthetistsimply needsto

settheinitial targetbloodconcentrationrequiredfor anintravenousdrugin a similar way to

settingthe percentageconcentrationof an inhalationalagentwith a vaporiser. The target

concentrationis achievedand maintainedwith no further intervention required by the

anaesthetist. However, theanaesthetistcanmakechangesto thetargetconcentrationat any

time.

The rational administrationof TCI requires an appropriatepharmacokineticdata set.

Softwareis requiredto achieveandmaintaina targetbloodconcentrationof ananaesthetic

by balancingthe rateof infusion with the processof distributionandelimination(Jacobs,

1990). Therefore, information about the pharmacokineticproperties of the drug in

appropriatepatientsis required. Thechoiceof pharmacokineticmodelandinfusioncontrol

algorithmaremajordeterminantsof theperformanceof a TCI system

In theclassicalapproach, TCI devicesconsistof an infusionpumpattachedto a computer.

The computeris programmedwith a pharmacokineticmodel as well as pharmacokinetic

data. The computertranslatespredictionsfrom the model into 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 deviceshavebeenimplementedin the

infusionpumpsby a numberof manufacturers, suchasthe‘Diprifusor’ by Zeneca.

Glasset al. (1989) reportedthe accuracywith which propofol was deliveredusing two

differentsetsof pharmacokineticparameters. Theyconcludedthatby usingthenewersetof

parameterstheaccuracyof thepredicted(by theTCI) andmeasuredpropofol levelswould

be better. White and Kenny (1989) also comparedthe predictedand measuredblood
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concentrationsof propofol in 408 patients. Theyconfirmedtheoverallvalidity of their TCI

system.

Russellet al. (1995) compareda manualinfusionwith TCI of propofol in 160 patients. The

TCI resultedin a more rapid induction of anaesthesiaand allowed earlier insertionof a

laryngealmaskairway. In addition, therewaslessresponseto surgicalstimulus. TCI does

not changethe propertiesof drugsandthe theoreticaladvantageover manuallycontrolled

infusions is increasedcontrollability by the anaesthetist(van den Nieuwenhuyzenet al.,

2000).

TCI has also been investigatedfor use in analgesiaby Milne and Kenny (1998). The

syntheticopioids, suchasalfentanil, remifentanilandsufentanil, all haveshorterdurations

of actionandaremoresuitablefor usein TCI systemsthanopioidssuchasmorphine, with

a slow blood-brain equilibration. They reporteda high degreeof patientsatisfactionwhen

usingpatient-controlledanalgesia(i.e. the patientcontrolledthe targetconcentrationusing

a push-buttonhandset).

Adjuvant agentssuch as sedativeagentsgiven for premedication, co-induction agents,

nitrous oxide or one of the synthetic opioids, affect the required target propofol

concentrationduring inductionandmaintenanceof anaesthesia. Theeffectsof theseagents

on the TCI systemfor propofol havebeeninvestigatedby Vuyk (1998). He designedan

infusion schemeso as to provide a good clinical performanceof the TCI systemin the

presenceof anoptimalmanuallycontrolledinfusionof anopioid.

The TCI systemsarecapableof creatinga stableblood concentration. However, whenthe

targetconcentrationis changedtheresultingeffectcorrelatesbetterwith a theoreticaleffect

site concentration. The efficacy of the TCI systemsthat canperformeffect-site steeringis

still a processunderinvestigation(JacobsandWilliams, 1993; van denNieuwenhuyzenet

al., 2000).

2.5 Summary

Anaesthesiais a complexbranchof the medicalscienceprofession. Depthof anaesthesia

(DOA) (one of the three componentsof anaesthesia) offers a challengein the areasof

classificationandcontrol. In TIVA whendifferent drugsareusedto obtainhypnosis(i.e.

DOA), musclerelaxationand analgesia, a reliable methodof assessingDOA is of major
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importance.

In this chaptera reviewof theadvancesin anaesthesiawaspresented, startingwith thefirst

time theword “Anaesthesia” wasused, including the introductionof balancedanaesthesia,

and finishing with the overall researchprojectsdedicatedto automatedcontrol systems.

With all its advantagesa closed-loop control system in anaesthesianeedsa reliable

numericalindicator of DOA before it can be successfullyimplementedin the operating

theatre.

Initially , movement was used as a monitor for DOA. However, paralysis using

neuromuscularrelaxantspromptedthe searchfor other indicators. The next reasonable

candidateswere the qualitative clinical signs such as pupil diameter or respiratory

movement, andthemeasurablehaemodynamicparameterssuchasSAPor HR. Qualitative

clinical signsare highly subjectiveand easily obscuredby opioids, musclerelaxantsand

techniquessuch as artificial ventilation. Arterial pressureand HR are also affectedby

adjuvantagentssuchas � -blockers, but thesesignsarestill usefulandvery mustin useby

anaesthetists. All theseclinical signsarevery usefulin detectinginadequateanaesthesia, in

the sensethat if the patientmovesor hashigh haemodynamicresponsesthenDOA is not

satisfactory. However, DOA may not be adequateevenif the clinical signsdo not present

anyevidenceof this.

Unconsciousnessshould be measuredfrom within the CNS, where the effect of the

hypnoticdrug occurs. The searchfor a signal from within the CNS startedwith the EEG.

TheEEGshowsgradedchangeswith increasingconcentrationsof anaesthetics, andit is not

affected by neuromuscularagents. Nevertheless, EEG changes vary with different

anaestheticagents. As a result, researchersturnedto theevokedpotentials(EP) asthenext

candidatesfor investigation. Amongall theEP, theAEP havebeenpointedout asthebest

signalfor assessingDOA.

A signal which is able to reflect the hypnotic componentof anaesthesiais the main

objectiveof theAEP analysis. TheMLAEP havebeenthe focusof researchin anaesthesia

over recentyears. MLAEP areknown to distinguishthe awareandunconsciousstateand

the subsequentCNS depression. This signal providesa measureof the overall balance

betweensurgery, analgesiaandhypnosis. The techniquesusedto extractdetailedfeatures

from the MLAEP were also discussedin this chapter. The WT appearsto be the most

promisingfor processingtime-varyingbiomedicalsignals.

Closed-loop control systemsin anaesthesiawere presented. Different control algorithms
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and classificationtechniquesare usedby researchers. All the abovesystemsare usedto

control the administrationof the anaestheticdrug (i.e. the hypnotic), while otheradjuvant

drugssuchastheanalgesicareadministeredby theanaesthetist. Most of thesesystemsare

advisors, excepttheonestestedin animals.

Artificial intelligent techniquessuchasANN andfuzzy logic aremostly used, sincedirect

measurementsare unavailable, mathematicalmodels are either unobtainableor too

complex, andthereis a largeuncertaintyin theprocessparameters(i.e. thepatient).
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Chapter 3

Development of a New Fuzzy Relational Classifier

for Depth of Anaesthesia

3.1 Introduction

Fuzzylogic is no strangerto medicine. Lotfi A. Zadeh(1965) himselfanticipatedvery early

that the fields of patternclassificationand information processingwould be application

domainsof his theory.

Fuzzysettheorymakesit possibleto defineinexactmedicalentitiesasfuzzysets. It offersa

linguistic approach that represents an excellent approximation to medical texts.

Furthermore, fuzzy logic provides reasoningmethodscapableof making approximate

inferences, sincemanyuncertaintiesarepresentin medicalor biological dataaswell asin

thedecisionmakingprocess(Adlassing, 1986; Akay et al., 1997).

Thehigh complexityof biological systems, andthenonexistenceof accuratemathematical

models are some of the aspectsthat make fuzzy logic a well defined solution. The

knowledgeof experiencedphysiciansandbiomedicalengineersis an importantsourceof

information for the designof intelligent machinesin medicine. In Zadeh’s own words

(1994a):

“Therole modelof fuzzylogic is thehumanmind.”

Fuzzylogic hasbeenwidely usedin diagnosticmonitoringin anaesthesiaandotherareasof

medicine. Several researchershave used fuzzy logic approachesfor alarm and/or

monitoring systemsin anaesthesia(Becker et al., 1997; Elkfafi et al., 1998; Guez and

Nevo, 1996; Lowe et al., 1999a; Shieh, 1994). Thebasicconceptsof fuzzy logic theoryare
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presentedin AppendixB.

The classificationof DOA is the first step when moving towardsa closed-loop control

system. As discussedin the previouschapter, different signalsare usedas indicatorsof

anaestheticdepth. However, the main relevanceis given to MLAEP asan indicatorof the

degreeof hypnosisof a patientunderanaesthesia.

Severalmethodshavebeenusedto classifyMLAEP featuresinto levelsof DOA. Different

researchersuse different techniques. However, ANN and fuzzy logic basedsystemsare

alreadyproving to be popular. From a simplefour layer ANN (Huanget al., 1999; Nayak

and Roy, 1995, 1998) to a more complex Kohonen Self-Organizing Map (KSOM)

(Backory, 1999), andincluding the back-propagationANN (Allen andSmith, 2001), there

aremanyexamplesof neuralnetworksusedin the area. Fuzzylogic hasalsobeenusedin

the classification of DOA; one of the fuzzy logic-basedapproachesis the adaptive

network-basedfuzzy inferencesystem(ANFIS) usedby ZhangandRoy (1999, 2001), and

by Linkens and colleagues(Abbod and Linkens, 1998a, b; Linkens and Abbod, 1998;

Linkenset al., 1998). Theseclassificationmethodsarebasedon soft computingtechniques,

andalthoughANN havegivenfairly goodresults, theyarestill blackbox methodsandit is

not trivial to understandall the details behind the ANN final decision. Furthermore, to

adequatelytrain anANN a largeamountof clinical datais required, andthesemayin some

casesbe difficult to gather. As a result, someresearchon ANN hasbeencarried-out using

animals (Huang et al., 1999; Nayak and Roy, 1995, 1998). The fuzzy logic-based

classificationsystemsappearto bemoretransparentastheanaesthetist’s knowledgecanbe

incorporatedinto thedecisionprocess.

In this chaptera FuzzyRelationalClassifier(FRC) for DOA is presented. This FRC uses

featuresextractedfrom theAEP by multiresolutionanalysis(MRA) andwavelettransforms

(WT), andcardiovascularparametersto enhancethe overall decisionmakingprocess. The

FRC usesa combinationof fuzzy clusteringand fuzzy relationsto establishan inference

system. The classifier is trainedby unsupervisedfuzzy c-meansclustering, then a fuzzy

relation betweenclustermembershipfunctionsand the classidentifiers is computed. The

fuzzy relation specifiesthe existing relationshipbetweenthe clustersand the classes(i.e.

thedifferentlevelsof DOA).

The FRC is describedin detail throughoutthe chapter. First, an introduction to fuzzy

clusteringis presented, followed by the generalstructureof the classifier. Severalaspects

haveto be consideredwhen implementingthe FRC to classifyDOA including: the setof

featuresused, thedifferent levelsof DOA, andhow theseareobtainedandstructured. The
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classifieris trainedandtestedwith different setsof clinical data. The resultsarepresented

andcomparedwith theresultsof otherclassifiers.

3.2 Fuzzy Clustering

Clusteranalysisintendsto classify objectsaccordingto similarities amongthem, and to

organizedata into groups. The objective is to differentiatebetweenclassesin a manner

which is simpleandeasyto visualize. As a result, solutionsare restrictedin an unknown

way. Theuseof fuzzysetsis anattemptto resolvethis problem.

In a ‘hard’ clusteringalgorithm, eachobject must be assignedto a single cluster. This

restrictionis not a realisticone, sincemanyobjectsmayhavethecharacteristicsof several

classes. It is morenaturalto assignto eachobjecta setof memberships, onefor eachclass.

This is thegeneralideaof fuzzyclustering.

The first fuzzy clustering algorithm was presentedby Ruspini (1969), as a method of

representationof data, basedon the ideaof fuzzy sets. Theobjectivewasto avoidsomeof

the problemsof ‘hard’ clustering proceduresand to provide a better insight into the

structureof the original data. In 1973, Dunn developedthe first fuzzy extensionof the

least-squaredapproachto clustering, andlater in theyearthis wasgeneralizedby Bezdekto

an infinite family of algorithms (Bezdek and Pal, 1991; Dunn, 1973). This approach

conceivedby Dunn is oneof the mostwidely usedalgorithmswithin fuzzy clustering, the

fuzzy c-meansalgorithm. This family of algorithmsis basedon an interactiveoptimization

of a fuzzy objective function. They are popular due to their efficacy, simplicity and

computationalefficiency.

Different approachesto fuzzyclusteringhavebeendevelopedovertheyears. Gustafsonand

Kessel(1979) arguedthat the useof fuzzy covarianceswas a naturalapproachto fuzzy

clustering. In addition, Karayiannis (1996) presented a new approach based on

reformulation. He developeda newfamily of possibilisticc-meansalgorithmsby selecting

thenaturallogarithmasa generatorfunction. In 1999, Hathawayet al. presentanextended

family of c-meanstype models, andattemptsto empirically identify thosewhich are least

influencedby the presenceof outliers(Hathawayet al., 1999). In otherstudy, Zahid et al.

(1999) designeda clusteringvalidity criterionanda fuzzyclusteringalgorithmbasedon the

combinationof thefuzzyc-meansalgorithmandthek-nearestneighboursdecisionrule.
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Fuzzy clusteringhasbeenusedfor identification, modelling and monitoring in different

areas. Tool conditionmonitoring in machiningis oneof the areaswherefuzzy clustering

hasbeensuccessfullyimplemented(Fu et al., 1998; Li andElbestawi, 1996). Umayahara

and Nakamori (1998) developedan elliptic type fuzzy modelling and simulationmethod

usingfuzzy clustering. The clusteringalgorithmis usedto detectlocal linear varietiesand

implementedfor prediction of water quality. Furthermore, Pal et al. (2000) usedfuzzy

clusteringfor extractionof rulesfrom input-outputdata; this wasimplementedandtestedin

mathematicalexamplesand in the inverted pendulumproblem. Another application of

fuzzy clustering is the medical diagnosisarea, since biological systemsare extremely

complex and the boundariesbetweendistinct medical diagnosisare not shapelydefined

(Steimann, 1997).

Themathematicalstructureof fuzzy clusteringis presentednextwith a detaileddescription

of thefuzzyc-meansalgorithm.

Eachdataobservationconsistsof n measurablevariables, groupedinto an n-dimensional

column vector zk
� �

zik, . . . ,znk � T, zk � � n. A set of N observationsis denoted by

Z � � zk|k � 1,2,. . . ,N � , andis representedasann 	 N matrix:

Z 

z11 z12 � z1N

z21 z22 � z2N� � � �
zn1 zn2 
 znN

3-1

Thecolumnsof this matrix arecalledpatterns(or objects), the rowsarecalledthe features

(or attributes) and Z is called the data matrix. The meaningof the columnsand rows

dependson thecontextandwill bedefinedwhenthemethodis applied(i.e. Section3.4).

A clustercanberegardedasa groupof objectsthataremoresimilar to oneanotherthanto

membersof otherclusters. Theobjectiveis to partitionthedatasetZ into c clusters(for the

time beinglet’s assumethat c is known). Fuzzyclusteringallows the objectsto belongto

severalclusterssimultaneously, with different degreesof membership(Bezdekand Pal,

1991; Babuska, 1998).

The next step is to define the fuzzy partition in terms of membershipfunctions. Let us

denotethe membershipfunction of zk in the i cluster by � i � zk � � � ik . A c � N matrix

U � � � ik � representsa fuzzypartitionif andonly if its elementssatisfytheconditions:
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�
ik � � 0,1 � 1 � i � c,1 � k � N 3-2

�
i � 1
c �

ik � 1 1 � k � N 3-3

0  !
k" 1
N #

ik  N 1 $ i $ c 3-4

Therefore, thefuzzypartitioningspaceof Z is theset:

Mfc % U & ' c( N|) ik * + 0,1 , , - i,k; . i / 1
c 0

ik 1 1, - k; 0 2 . k/ 1
N 0

ik 2 N, - i 3-5

The i th row of the fuzzy partition U containsvaluesof the i th membershipfunction of the

fuzzy subseti of Z. Equation3-3 constrainsthesumof eachcolumnto 1, andthusthetotal

membershipof eachzk in Z equalsone.

Many of the fuzzy clusteringalgorithmsare basedon minimisationof the basicc-means

objectivefunction(Dunn, 1973), presentedin Equation3-6.

J 3 Z;U,v 4 1 . i / 1
c . k/ 1

N 3 0
ik 4 m 5 zk 6 vi 7 2 3-6

where

U 8 9 : ik ; < Mfc 3-7

is a fuzzypartitionmatrix of Z,

V 8 9 v1,v2, . . . ,vc ; vi < = n 3-8

is a vectorof centresof clusters,

D ik
2 8 7 zk 6 vi 7 2 8 > zk 6 vi ? TA > zk 6 vi ? 3-9

is a squaredinner-productdistancenorm(A 8 I is theEuclideannorm), and

m < 9 1, @ A 3-10

is a weightingexponent, which determinesthefuzzinessof theresultingclusters. Thevalue

of Equation3-6 canbeseenasa measureof thetotal varianceof zk from vi .

The fuzzy c-meansalgorithm is one of the most used fuzzy clusteringalgorithms, the

detailsof this algorithmarepresentedin thenextsection.
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3.2.1 Fuzzy c-means Algorithm

The minimization of the c-means functional (Equation 3-6) representsa nonlinear

optimizationproblemthat canbe solvedusinga Picarditeration, for instance, throughthe

first-orderconditionsfor stationarypoints. This canbefoundby adjoiningtheconstraintin

Equation3-7 to J usingtheLagrangemultipliers:

J B Z;U,v C D E
i F 1
c E

kF 1
N B G ik C mD ik

2 H I
kJ 1
N K

k L i M 1
c N

ik O 1 3-11

andby settingthe gradientsof J with respectto U, V and K to zero. If D ik
2 P 0, Q i, k and

m P 1, then R U,VS T Mfc U V nW c mayminimizeJ only if :

X
ik Y 1Z

j [ 1
c DikA

DjkA

2
m\ 1

, 1 ] i ] c 1 ] k ] N 3-12

and

vi ^
_

k̀ 1
N a

ik
mzkb

kc 1
N a

ik
m

, 1 d i d c. 3-13

Equation3-13 gives vi as the weightedmeanof the data items that belongto a cluster,

where the weights are the membershipdegrees. This is why the algorithm is called

c-means. Thegeneralalgorithmis presentednext.

e First, given the data set Z, choosethe number of clusters1 f c f N, the weighting

exponentm g 1, theterminationtoleranceh i 0 andthenorminducingmatrix A.

j Second, initialize thepartititonmatrix U k 0l m Mfc, then:

n Repeat for l o 1,2,. . .

Step1: Computetheclusterprototypes(means):

vip l l o
q

kr 1
N s

ikt l u 1v m
zkw

kx 1
N y

ikz l { 1v m
, 1 | i | c 3-14

Step2: Computethedistances:

D ikA
2 } zk ~ vi� l � T

A zk ~ vi� l � , 1 | i | c, 1 | k | N 3-15
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Step3: Updatethepartitionmatrix:

if D ikA � 0 for 1 � i � c , 1 � k � N ,

�
ik� l � � 1�

j � 1
c DikA

DjkA

2
m� 1

3-16

otherwise

�
ik� l � � 0 if D ikA � 0 , and �

ik� l � � � 0,1 � with
�

i � 1
c �

ik� l � � 1

until � U � l � � U � l � 1� � � � .

3.3 Structure of the Fuzzy Relational Classifier

The objective is to identify structuresin datasimilar to known structures. A fuzzy logic

relationis usedto establishthecorrespondencebetweenstructuresin thefeaturesspaceand

theclassidentifiers.

3.3.1 Training the Classifier

The training of the fuzzy relation classifier requirestwo steps. First, unsupervisedfuzzy

c-meansclusteringis performedin thefeaturespace, then, from theobtainedfuzzypartition

and the labelsof the training dataset, a fuzzy relation is computed. Figure3-1 showsa

diagramexplainingthetrainingprocedure.
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Figure3-1: Trainingof theFuzzyRelationalClassifier.

3.3.1.1 Exploratory Data Analysis

The featuresspaceis partitioned to representthe natural structuresin the data. These

structuresare discoveredby unsupervisedcluster analysis using the fuzzy c-means

algorithmdescribedin Section3.2.1.

Thedatashouldbeconsideredin thematrix form 3-1. ThetrainingdatasetZ is partitioned

into c fuzzy subsets(clusters). The membershipof the data samplesin the clustersis

describedby the fuzzy partitionmatrix U andeachclusteris characterizedby its centrevi ,

Equations3-7 and3-14 respectively.

Prior to clustering, severalparametershaveto bedefinedin thealgorithm, i.e. c (numberof

clusters), m (fuzzy exponent) and � (terminationtolerance). Thechoiceof c canbeverified

by assessingthevalidity of theobtainedpartition. TheXie-Beni index(Xie andBeni, 1991)

is a commonlyusedvalidity criterion, of theform:

� � U,V;Z � �
�

i � 1
c �

k� 1
N �

ik
m � zk � vi

� 2

N
i � j

min�   vi ¡ vj   ¢ 2
3-17

Thedefinition of £ ¤ U,V;Z ¥ is independentof thealgorithmusedto obtain ¦ ij . Therefore, it

is not internal to the clusteringalgorithm. The bestpartition is the onethat minimisesthe

value of £ ¤ U,V;Z¥ , since a smaller £ ¤ U,V;Z¥ meansa more compact and separate

c-partition. The clusteralgorithm is run for different valuesof c and m, and then several

times for each of thesesettingswith a different initialization matrix. The number of
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clusters, whichminimizesthemeasure, is finally set.

3.3.1.2 Fuzzy Relation

A fuzzy relationencodesthe logical relationbetweentheclustermembershipandtheclass

membership. This relationis computedfrom theinformationin thefuzzypartitionmatrix U

and in the targetvectorscontainingthe membershipof the patternin the classes. The kth

targetvectoris denotedby:

wk § ¨ w1k,w2k, . . . ,wLk © T 3-18

wherewjk ª ¨ 0,1 © and L ª « is the numberof classes. For the training data, wherethe

classificationis exactly known, wjk ¬ ­ 0,1 ® . The targetvector wk is then a vector of all

zerosexceptfor a oneat theplaceof theknownclassindex.

For each of the training sampleszk, the vector of cluster membershipdegrees̄ ik is

containedin thekth columnof U.

¯ k ° ± ¯ 1k, ¯ 2k, . . . , ¯ ck ² T 3-19

The binary fuzzy relation, R, is a mapping R : ± 0,1 ² c ³ ± 0,1 ² L ´ µ 0,1 ¶ . It can be

representedasa c · L matrix:

R ¸
r11 r12 ¹ r1L

r21 r22 ¹ r2Lº º º º
r c1 r c1 ¹ r cL

3-20

TherelationR is obtainedby aggregatingthepartial relationsRk, computedfor thetraining

samples(Pedrycz, 1994).

»
r ij ¼ k ¸ min

»
1,1 ½ ¾ ik ¿ wjk ¼ j ¸ 1,2,. . . ,L i ¸ 1,2,. . . ,c 3-21

Theaggregationof therelationsRk is computedby meansof a fuzzyconjunctionoperator:

R ¸
kÀ 1

NÁ
Rk 3-22

implementedelement-wiseby theminimumfunction:
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r ij Â
kÃ 1,2,...,N

min Ä Å r ij Æ k Ç 3-23

Therelationmatrix R is thebasisof theFRC, sinceit is usedto classifyunseenpatterns.

3.3.2 Classification of New Patterns

The main objectiveof any classifieris to determinethe classof a new pattern. First, the

clustermembershipfunction È is calculatedfrom thedistancesto theclustercentres, vk, as

in the fuzzy c-meansalgorithm. Second, the class membershipfunction vector w is

computedby fuzzy relationcompositionusingtheLukasiewiczimplication:

wj Â
1É i É c
max Ê maxË Ì i Í r ij Î a,0 Ï Ð j Ñ 1,2,. . . ,L 3-24

wherea is consideredto beonein theinitial algorithmusedby SetnesandBabuska(1999).

Finally, defuzzificationis appliedto obtaina crisp decision, using the maximummethod,

i.e.:

y Ñ
1É j É L

arg maxwj 3-25

wherey is theclassindex. Figure3-2 illustratesthis classificationprocedure.

Figure3-2: Classificationof a newpatternby theFRC.

Note that the FRC can classify a new pattern well, wrongly, or not classify it at all.

Unclassifiedcaseshappenwhenmultiple j’ s satisfyEquation3-25, meaningthat a pattern
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hasthe samemembershipvaluein morethanoneclass. This could be dueto noisein the

features, misclassificationsof trainingsamplesor inappropriatefeatureselection. Therefore

it is necessaryto select the bestfeaturesso that no unclassifiedcasesoccur. Applying a

fuzzy relation for classificationwill in generaldecreasethe numberof misclassifications.

Furthermore, theFRCis not sensitiveto theorderin which trainingexamplesarepresented

andtherisk of overtrainingis eliminated.

3.4 Classification of Depth of Anaesthesia

TheFRCis usedto classifya setof featuresinto differentDOA levels. Thecomputedfuzzy

relationspecifiestheexistingrelationshipbetweentheclustersandtheclasses(i.e. levelsof

DOA).

The classifierwill use two setsof featureson the classificationprocess. The first set is

constitutedfrom the AEP signal, andthe secondset is constitutedfrom the cardiovascular

parameters. Thesefeaturesaredescribedin detail in thefollowing sections.

3.4.1 Auditory Evoked Potentials Parameters

The AEP were recordedin the operatingtheatreusing surfaceelectrodes. The recording

systemusedin this researchwastheonedevelopedby theIntelligentSystemsGroup, in the

Departmentof Automatic Control and SystemEngineering, the University of Sheffield.

This systemwas usedin previousresearches(Abbod and Linkens, 1998a; Abbod et al.,

1998; Backoryet al., 1998; Linkenset al., 1997a, b), it comprisesan IBM-compatiblePC

(Intel PI 150 MHz) fitted with a Digital SignalProcessing(DSP) board. A pre-amplifier is

usedto amplify theresponsesbeforetheyaretransmittedto theDSPboardwherethesignal

is analogue-filteredanddigitised.

The auditory stimulusin the patient’s headphonesis producedat a rate of 6.122Hz. The

EEGis sampledat a frequencyof 1kHz afterpassingthroughananalogueband-passfilter

(0.5-400 Hz), for a sweepperiod of 120 ms after eachclick (i.e. 121 data points). The

computerproducesan averageof 188 datasweepsplus calculationtime, each30 seconds.

This time wasjudgedto beshortenoughto assumethatsurgicalandanaestheticinfluences

arestatic.
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The systemused to collect the AEP displays only the averagedAEP and its double

differential value. The first stepin the classificationprocessis to considerthe problemof

what discriminatoryfeaturesto selectand how to obtain thesefeatures, as discussedin

Chapter2. In this research, the multiresolutionanalysis(MRA) usingwavelettransforms

(WT) is used to analysethe AEP during anaesthesia, so as to reflect the changesin

amplitudeandlatencyassociatedwith DOA.

TheWT is different from theFouriertransform, becauseit canzoomon arbitrarydetailsof

signals. The Fourieranalysisis a mathematicaltechniquefor transformingour view of the

signal from a time-basedto a frequency-basedone. In moving to the frequencydomain,

time informationis lost. Whenlooking at a Fouriertransformof a signal, it is impossibleto

tell whena particulareventtook place. Thewaveletanalysisis a windowingtechniquewith

variable-sizedregions. It allowstheuseof long time intervalswherewe wantmoreprecise

low frequencyinformation, andshorterregionswherewe want high frequencyresolution

(Hess-NielsenandWickerhauser, 1996). Therefore, waveletanalysisis capableof revealing

aspectsof data that other signal analysis techniquesmiss, aspectslike trends and

breakdown points. Also it compressesor de-noises a signal without appreciable

degradation. All these positive points make wavelet analysis a good tool to analyse

biomedicalsignals. TheMRA techniqueandtheWT aredescribedfurtherin AppendixC.

The signal, made of 121 samples (correspondingto the first 120 ms of the EP

post-stimulus), is extendedto 128 samplesby paddingthe signal with extra zerosat the

end, so that six levels of decompositionmay be achievedusing the multiresolution

decompositionalgorithm. The MRA decomposesthe AEP into different resolutions

allowing a detailedanalysisof the behaviourof the signal in its different spectralbands

(Rioul, 1993). The decomposedcomponentswere analysedfor their energycontentand

usedasan indicatorof the DOA. The DaubechiesWaveletwith 12 filter coefficientswas

usedfor decomposingtheAEP signal(Mallat, 1999). DaubechiesWaveletshavealsobeen

usedby Abbod et al. (1998) and Backory (1999). This filter was found to producegood

resultsandis of low orderfor the121 discretesamplesto beanalysed.

Table 3-1 describesthe different signal componentsobtainedas a result of the MRA

decomposition. Thereare6 detailsignalsanda residualcomponent.
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Table3-1: Tabledescribingthedifferentsignalcomponentsobtainedby MRA decomposition.

Signal Component Samples in sequence

S1 64

S2 32

S3 16

S4 8

S5 4

S6 2

residual 2

ComponentS1 hasthe shortestanalysistime of 2 ms, while the lowest frequencydetail

componentS6 hasananalysistime of 64 ms. However, thedetailsin Table3-1 containthe

samplesmaking up the brainstemand the late latency waves, which do not contain

information relatedto DOA. Therefore, componentsin eachdetail regardingthesewaves

wereremovedafter theMRA. Thecomponent6 which representsthe low frequencyrange

(8-16), and the residual contain a large amount of backgroundEEG signal and are,

therefore, not used.

Theaverageenergycontainedin eachdetailsignalis calculatedasfollows:

Dk Ò 1
nk Ó i Ô 1

nk |Sk Õ i Ö |2 3-26

where

Dk is theenergycontainedin detailcomponentk;

nk is thenumberof samplesin detailcomponentk;

Sk is thedetailsequencek;

i is thesamplenumber.

Table3-2 showsthe featuresthat havebeenanalysedfor correlationwith DOA aswell as

the samplesmaking up the components(Backory, 1999). D1 is the energycontainedin

samples9 to 56 in S1, andis similar for S2, S3, S4 andS5. D31 is the energycontainedin

samples3 to 6 in S3, andis similar for theotherfeatures.
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Table3-2: Tabledescribingthesamplesin eachcomponentused
to createthefeaturesusedin thevalidationprocess.

Energy Component Samples used

D1 9-56

D2 5-28

D31 3-6

D32 7-10

D33 11-13

D41 2-3

D42 4-5

D43 6-7

D51 2

D52 3

Different setsof featuresareusedin different researchworks with different classification

methods, for exampleAbbod et al. (1998) and Linkens et al. (1997b) used6 of these

features(D1, D2, D31, D32, D33, andD4) while Backory(1999) useda differentset(D1, D2,

D3, D4, D51 and D52 × . Thesefeatureshavegiven good resultsusing an ANFIS classifier

anda KSOM.

In this project10 featuresareusedin theclassificationprocessusingtheFRC. D41, D42 and

D43 areaveragedto produceD4, andsimilar for D3 andD5. Severalcombinationsof AEP

featuresweretested. However, the setof featuresD1, D2, D3, D31, D32, D33, D4, D5, D51

andD52 gavethebestresultsconsideringthedataavailable.

3.4.2 Haemodynamic Parameters

Anaesthetistshave always used the cardiovascularsystem as an indicator of DOA,

therefore, it is reasonableto use thesemeasurementsto enhancethe overall decision

makingprocess.

The cardiovascularsignalssuchas the heart rate (HR), the arterial pressure(i.e. systolic

(SAP), diastolic(DAP) andmean(MAP)) andthe pulseratearemeasuredon-line usinga

Datex-EngstromAS/3 (anaesthesiamonitor) connectedto the computerthroughan RS232

port, at every30 secondinterval.

SAPor MAP havebeenusedfor monitoringandcontrol in anaesthesia. Robbet al. (1993)

reportedthat a simplecontrol systemdesignedto maintainSAP at a predeterminedvalue

45



_________________________________________________________________________________________________________________________________________________________
Chapter3: Developmentof a NewFuzzyRelationalClassifierfor Depthof Anaesthesia

producesa clinically acceptablestate of anaesthesia(pattern of clinical signs). This

supports the idea that SAP is a major componentof the clinical assessmentof the

anaestheticstate. Other researchersuseMAP as the indicator of cardiovascularstability

when using inhalational agents(Gentilini et al., 2001b) or intravenousagentssuch as

propofol (Linkenset al., 1993; Raoet al., 2000). Themostprominenteffectof propofol in

the haemodynamicresponsesis a drop in arterial pressure. During maintenanceof

anaesthesiaSAP remains20% to 30% below baselinevaluesandsimilar changescanbe

seenin themeanpressure. This decreasein arterialpressureis associatedwith a decreasein

cardiacoutput(SasadaandSmith, 2000).

The featuresusedarethe changeof the individual patientbaselineof HR, SAP andMAP,

denotedby Ø HR, Ø SAP and Ø MAP. The useof the Ø valuesallows generalization, since

thepatientbaselinesareavailablebeforetheoperationandareconsideredasaninput to the

system. The variability between patients is high when considering haemodynamic

parameters. For example, the normal rangesfor SAP oscillatebetween100 mmHg to 150

mmHg. As a result, the use of Ø values facilitates classification and reflects the

cardiovasculardepressionindependentlyof thepatientbaselinevalues.

3.4.3 Levels of Depth of Anaesthesia

Accordingto theanaesthetistopiniontheDOA 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 patientresponse, i.e. clinical signsdemonstratingthatthe

patient is getting lighter. OK is when no patient responseis observedunder surgical

stimulus, i.e. the patient is in the adequatelevel of DOA. OK/Deepis when there is no

patient response, but the patient is slightly deeperthan necessaryand still stable. Deep

level is whenthe patientis clearly in a deeplevel of DOA, this is not safefor all patients

andshouldbeanindicatorthatsomethingis wrong.

TheOK andtheOK/Deeplevelsarethemostdifficult to distinguishfrom oneanotherand
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arealsotheonesthatoccurmorefrequentlyduringanaesthesia. A certainoverlapbetween

thesetwo levels is expectedthrough. While the arousalof clinical signs indicatesthat

anaesthesiais getting lighter, the deeperdepressionof thesesignsmay alreadyindicatea

Deeplevel of DOA. TheOK/Deeplevel, which is oftenacceptedby theanaesthetistasthe

interchangebetweenOK andOK/Deep, is very frequentandalsodependson theamountof

surgicalstimulationat the time. This is a very complexissue, sinceit is very difficult to

measureanalgesiaandevenif theoreticallyanalgesiaandDOA aretwo differententities. In

practice, whenconfrontedwith a high surgicalstimulusthe anaesthetisttendsto increase

theconcentrationof bothdrugs(i.e. anaestheticandanalgesic), sincetheeffectsof surgical

stimulation on the haemodynamicresponsesare the same as lighter anaesthesia(i.e.

increasesin HR andSAP). TheinformationabouttheCNSdepressionis very usefulin this

situations, as it reflects the level of hypnosis. Therefore, the anaesthetistwould easily

distinguishif the arousalin the cardiovascularparametersis or is not causedby surgical

stimulation, andif so, only theanalgesicwouldbetitratedaccordingly.

In this research, the datawere labelledby the anaesthetistbasedon the observedclinical

signsduring anaesthesia. This information was obtainedat regular intervalsand when a

changein DOA level occurred, as to reflect the trend in anaestheticdepthof the patient.

However, theanaesthetistusesonly his experienceandthepatientclinical signsto establish

the trendin anaestheticdepth. The informationregardingAEP (i.e. depressionin theCNS)

duringanaesthesiais not availableto theanaesthetist.

3.5 Implementation and Results

Thedatausedto train andtesttheFRCwereobtainedfrom two patientsundergoinggeneral

surgeryat the Royal HallamshireHospital in Sheffield. Anaesthesiawasmaintainedusing

propofol as the anaestheticdrug andremifentanilas the analgesicdrug. The drug profiles

andthe particulardetailsof this surgicalinterventionsarepresentedin Chapter4. Figure

3-3 showsoneof the AEP featuresfrom the dataof patientPat2 usedto train andtest the

FRC, othergraphsof thewaveletextractedAEPfeaturesarepresentedin Chapter5.
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Figure3-3: WaveletextractedAEP featureD1 from thedataof patientPat2.

The implementedFRC algorithm involves two distinct classifierstrainedseparately. The

first FRC wastrainedusinga setof waveletextractedfeaturesfrom the AEP asthe input

pattern. In addition, the secondFRC usesthe cardiovascularparametersÙ HR and Ù SAP.

Figure3-4 presentstheoverallclassificationdiagram.

Figure3-4: Generalclassificationalgorithm.

Consideringthat theFRCmaynot reacha decisionif multiple j’ s satisfyEquation3-22 or

thevectorin Equation3-21 is all zeros, alternativesto thewaveletAEP featureshaveto be

considered. Therefore, the FRC is appliedseparatelyto the cardiovascularmeasurements
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andtrainedto obtaina decisionbasedonly on thesemeasurements. In conclusion, the two

FRC’s (the first using the AEP featuresand the secondusing Ú HR and Ú SAP) work

separately. The main decisionbelongsto the AEP featuresclassifier, if a decisionis not

reachedthenthecardiovascularparametersareusedto determineDOA.

In theoriginalalgorithm, SetnesandBabuska(1999) usea valueof a Û 1 in Equation3-21.

The value of a makesthe decision restricted, i.e. it forces the membershipÜ and the

relationalvalue to be both high. For example, is Ü Û 0.75 and the associatedrelational

value is 0.2 the classifierwill not reacha decision; this was found to work well for well

identifiedcluster/classgroups. In thecaseof theAEP featureswherethefeaturespaceis of

high dimensionand the clusterclassificationis not distinct or obvious, using a value of

a Û 1 restricts the classificationto the prototypes(training set) and henceimpedesthe

generalizationprocess. Theobjectiveis to obtaina generalclassifierthatperformswell for

different patientsconsideringthat different patientshavedifferent characteristics. For the

AEP there is no known baselinefor the patient, thereforeit is admissiblethat different

patientsrespondin slightly differentwayswith respectto brainsignals. TheAEP FRCwas

testedfor differentvaluesof a. Theperformancewith thevalueof 0.75 provedto bebetter,

by improving the classificationpercentageandreducingthe numberof unclassifiedcases,

i.e. it helpsto capturethevariationbetweenpatients. Notethat thevalueof a cannotbetoo

small, e.g. a value of 0.5 makesthe incorrect classifiedcasesincreasedrastically. This

changein the algorithmwasappliedonly to the AEP classifier. When the cardiovascular

parametersareused(Ú HR and Ú SAP), a is kept equalto 1 sincethe patientvariability is

expressedin thebaselineandnot in theparameters.

The training datafor the FRC consistedof 2/3 of the availablesamplesandthe remaining

1/3 wasusedasthetestingset. Thenumberof samplesusedarepresentedin Table3-3.

The samplesof patientPat1 usedin the training datasetcorrespondto the first part of the

surgicalprocedurewhile from patientPat2 thelastdatasampleswereused. This is to allow

informationof differentscenariosin a surgicalprocedure(e.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 featuresneededfor classificationdependsnot only on the correlationwith

theDOA level, but alsoon the typeof classifierusedandon theamountof dataavailable.

First, thecorrelationbetweeneachAEP featureandtheDOA level wascomputedandfrom

theredifferentcombinationsof featuresweretestedbasedon theperformanceof theFRC.

A correlationcoefficientis a numberbetween-1 and1 which measuresthedegreeto which

two variablesare linearly related. If thereis a perfectlinear relationshipbetweenthe two

variableswith a positiveslope, we havea correlationcoefficientof 1; if thereis a positive

correlation, wheneveronevariablehasa high (low) value, theotherhasa high (low) value.

If thereis a perfectlinear relationshipwith a negativeslopebetweenthe two variables, we

havea correlationcoefficientof -1; if thereis a negativecorrelation, wheneveronevariable

hasa high (low) value, the other hasa low (high) value. A correlationcoefficient of 0

meansthat there is no linear relationship betweenthe variables. The formula of the

correlationcoefficient( Ý xy) betweentwo variables(X andY) is:

Ý xy Þ covß X,Y àá
x

á
y

3-27

wherecovâ X,Yã is thecovariancebetweenX andY, ä x and ä y arethestandarddeviationsof

X andY respectively. Table3-4 showsthe correlationcoefficientsof all the AEP features

andtheDOA levelasclassifiedby theanaesthetist.

Table3-4: CorrelationcoefficientbetweentheAEP featuresandtheDOA level.

AEP Feature Correlation Coefficient

D5 -0.3732

D51 -0.1765

D52 -0.3764

D4 -0.3954

D3 -0.1757

D31 -0.1956

D32 -0.1077

D33 -0.1414

D2 -0.1602

D1 -0.0299
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Thevalueof -0.3954 is thehighestcorrelationcoefficientamoungtheAEP features. This is

not a very high value. However, this doesnot meanthat thereis no correlationbetweenthe

AEP featuresandDOA, only that thereis a small linearcorrelationwhencomparingDOA

with individual features. Different AEP featuresrepresentdifferent levels of resolution,

different frequenciesand thereforedifferent levels of information about the CNS. As a

result, it is not expectedthat a simple linear relation using only one of the featurescan

adequatelydescribethe DOA level. All correlationcoefficients in Table 3-4 have one

common feature, which is that they all have a negativevalue. This demonstrates(as

expected) that the lower valuesof the AEP areassociatedwith deeperlevelsof DOA, i.e.

the depressionof the CNS. As the DOA level increasesfrom Awake to Deep(i.e. 1 to 5)

the MLAEP signal becomesmore flat (Figures1-1 and 1-2), this in accordancewith the

fact that increasingMLAEP latenciesare associatedwith increasingCNS depression

(Chapter2).

TheFRCwastrainedandtestedwith normalizedAEPfeatures. TheAEPfeaturesvector(z)

is normalizedusingthefollowing equation:

z å zæ zç
z

3-28

where, z is themeanand è z thestandarddeviationof vectorz. This typeof normalization

translatesandscalestheaxessothatall the featureshavezeromeanandunit variance. The

data should be appropriately normalized before clustering, since distance norms are

sensitiveto variationsin thenumericalrangesof differentfeatures. TheEuclideandistance,

usedin thec-meansalgorithm, assignsmoreweightingto featureswith wide rangesthanto

thosewith narrowranges.

TheXie-Beni index(Equation3-17) wasusedto determinedtheoptimalvaluesof c andm

for the unsupervisedc-meansalgorithm. Different setsof AEP featureswere usedas to

determinethe best classification. Tables3-5 to 3-10 show the resultsof the FRC using

different sets of AEP featureson the testing data set (i.e. 138 samples). A correct

classificationis assumedif theDOA level matchestheanaesthetistclassification. Selecting

appropriatefeaturesis very important for the optimization of performanceof FRC for

inappropriateselectionof featurescanleadto unclassifiedpatterns.

Table3-5 showstheperformanceof theFRCusingAEP featureswith a highercorrelation

coefficient (Table 3-4). The results show that thesefeaturesare not sufficient for the

classificationprocess. The numberof unclassifiedcasesis high and this suggeststhat 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: Performanceof theFRCusingtheD5, D52, D4 andD32 AEP features
on thetestingdataset. Xie-Benioptimumvaluesof c é 11 andm é 2.6.

Correct Incorrect Unclassified

Number of samples 26 10 102

Percentage of samples 18.8% 7.2% 73.9%

Table3-6: Performanceof theFRCusingtheD5, D52, D4, D2 andD1 AEP features
on thetestingdataset. Xie-Benioptimumvaluesof c é 9 andm é 2.6.

Correct Incorrect Unclassified

Number of samples 26 19 93

Percentage of samples 18.8% 13.8% 67.4%

Table3-7: Performanceof theFRCusingtheD51, D52, D4, D31 andD1 AEP features
on thetestingdataset. Xie-Benioptimumvaluesof c é 5 andm é 2.6.

Correct Incorrect Unclassified

Number of samples 36 23 79

Percentage of samples 26.1% 16.7% 57.2%

Table3-8: Performanceof theFRCusingtheD5, D51, D52 andD4 AEP features
on thetestingdataset. Xie-Benioptimumvaluesof c é 5 andm é 2.4.

Correct Incorrect Unclassified

Number of samples 37 20 81

Percentage of samples 26.8% 14.5% 58.7%

Table3-9: Performanceof theFRCusingtheD51, D52, D31, D32 andD1 AEP features
on thetestingdataset. Xie-Benioptimumvaluesof c ê 5 andm é 2.6.

Correct Incorrect Unclassified

Number of samples 67 27 44

Percentage of samples 48.55% 19.6% 31.9%
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Table3-10: Performanceof theFRCusingtheD5, D51, D52, D4, D3, D31, D32, D33, D2 andD1

AEP featureson thetestingdataset. Xie-Benioptimumvaluesof c ë 11 andm ë 2.6.

Correct Incorrect Unclassified

Number of samples 85 53 0

Percentage 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

asa resultthepercentageof correctclassifiedsamplesincreased(Table3-7). Theseresults

are confirmed in Table 3-8, where all high frequencyfeaturesare used. However, the

percentageof correctclassifiedcasesis still low. In Table3-9, thelow frequencyfeatureD1

and the details D31 and D32 are included so as to provide information over a wider

frequencyrange. Thenumberof correctclassifiedsamplesincreaseddrastically. This result

indicatesthat all the frequencybandsshouldbe usedso as to graspall the information

regardingDOA.

Finally, the whole setof AEP featureswasused. The resultsarepresentedin Table3-10.

The percentageof unclassifiedsampleswasreducedto zero, andthe percentageof correct

classifiedsampleswasgreaterthanbeforewhenusingdifferent combinationsof features.

Thesetof all theAEP featuresreflectsthedifferent levelsof resolutionof theAEP signal.

All the frequencybandsarecoveredandthe AEP detailsaredecomposedto obtainall the

relevant information. In addition, the small numberof data availablecan influence the

necessarynumber of AEP featuresfor an adequateclassification. A larger number of

featuresis necessaryto describetheDOA levels.

Thebestclassificationperformancewasobtainedusingthe10 AEP features(D5, D51, D52,

D4, D3, D31, D32, D33, D2 andD1) with c ì 11 andm ì 2.6. This will be thesetof AEP

featuresusedthroughoutthis project.

3.5.2 Cardiovascular Parameters Selection

The FRC usingonly the AEP featureswasableto classifyall the samples. As a result, the

cardiovascularparameterswould not have been used in the classification process.

Nevertheless, theFRCwastrainedandtestedwith differentcombinationsof cardiovascular

parameterssoasto determinedthebestclassification.

The cardiovascularparametersí HR, í SAP and í MAP were studiedfor their correlation
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with DOA. Table3-11 showsthecorrelationcoefficientsof thedifferentparameters. î SAP

has the highestcorrelationcoefficient, a value of -0.7 showsthat there is a high linear

correlationbetweenî SAPandDOA. Thenegativesignis commonto all of theparameters,

describing the increasingcardiovasculardepressionas DOA becomesdeeper. î MAP

presentsa correlationcoefficient of -0.6, which is still high. This result indicatesthat

arterial pressurereflectsmore variation with different DOA levels. î HR doesnot havea

high correlationcoefficient, however, it may still introducerelevant information in the

classificationprocess.

Thesystolicandmeanarterialpressureswerethe first candidatesastheFRCclassification

features. However, both î SAP and î MAP alonedid not give good classificationresults

(Figure3-5). Hence, thenextstepwasto include î HR in theclassificationprocess, for the

cardiovascularstability is oneof the major concernsin anaesthesiaandthis is reflectedin

the heart rate as well as in the arterial pressure. The anaesthetistusesboth measuresto

assessDOA andbothmustberegulatedsoasto ensureanadequatepatientstability. Figure

3-5 showsthe percentageof correctclassifiedsamples(testingdataset) by the FRC using

the different setsof cardiovascularparameters( î SAP plus î HR, î MAP plus î HR, î SAP

or î MAP).

Table3-11: Correlationcoefficientbetweenthecardiovascularparametersandthelevelof DOA.

Cardiovascular Parameter Correlation Coefficient

î HR -0.0526

î MAP -0.6081

î SAP -0.7001

Figure3-5: FRCpercentageof correctclassifiedsamples(testingdataset) usingdifferentparameters.

54



_________________________________________________________________________________________________________________________________________________________
Chapter3: Developmentof a NewFuzzyRelationalClassifierfor Depthof Anaesthesia

ï
HR plus

ï
SAP performedbetter for classification. It was found that theseparameters

carrymorerelevantinformationconsideringthegradualchangesin DOA levels.

The classifierwhich usesthe cardiovascularparameterswasableto classify46.5% of the

samplescorrectlywith theXie-Beni optimumvaluesof c ð 13 andm ð 2.6. This resultis

hardlysurprisingsincetheAEP representthebraindepressionof hypnosis. Nevertheless, a

valueof 46.5% is a reasonablepercentageconsideringall thatis involvedin anaesthesia.

The cardiovascularsystemhasalwaysbeenan indicatorof DOA for the anaesthetist. The

useof theseparametersis widely implemented, andthe manualcontrol of DOA is mainly

baseduponthemwhenno informationabouttheCNSis available.

The FRC which usesonly the waveletextractedAEP featureswasable to classifyall the

samplesand as a result, the cardiovascularparameterswere not used. However, they

representpatientvital signsthatshouldnot bedisregarded. TheFRCusing
ï

SAPand
ï

HR

will remainasa reinforcementof theoverallclassifier.

3.5.3. General Results

The FRC usingthe AEP featureswasappliedto the whole dataof the two patients. Note

that data from both patientswere used to train and test the classifier. The resultsare

presentedin Table3-12.

Thepercentageof correctclassifiedsamplesis higherfor patientPat2 thanfor patientPat1.

However, both resultsareacceptable. Figures3-6 and3-7 showthe FRC resultsfor both

patientsPat1 andPat2 respectively. Analysingthe figures, we canseethat the majority of

the incorrectlyclassifiedcasesarebetweenthe OK/DeepandOK DOA levels. Theseare

thetwo levelswhich werenot easyto differentiate. In addition, therearelessdatafrom the

Awake and OK/Light levels, nevertheless, theseare more distinguishablefrom the other

levels.

Table3-12: Percentageof samplesclassifiedby theFRCusingtheAEP features.

Patient Correct Incorrect

Pat1 49.8% 50.2%

Pat2 59.6% 40.4%
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Figure3-6: Resultsof theFRCusingonly theAEP featuresfor thedataof patientPat1.

Figure3-7: Resultsof theFRCusingonly theAEP featuresfor thedataof patientPat2.

The FRC presentsan acceptableperformanceand is capableof capturingthe transition

from awaketo anaesthetised. Ideally, datafrom anotherpatientshouldbe usedto analyse

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

circumstancesbeyondourcontrol.

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

bisturi), which interfered with the recording of AEP. Diathermy is responsiblefor the

samplesclassifiedasAwakeaftertheinductionof anaesthesia. This is morenoticeablewith

patient Pat1. The electrical interferenceof diathermyon the AEP will be discussedin

Chapter5 with themodellingof theeffectsof surgicalstimulus.
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3.6 Comparison with other Classifiers

In this section, the resultsof the AEP featuresFRC arecomparedwith the resultsof two

other classifiers. First, a KohonenSelf-OrganizingMap (KSOM) will be presentedand

secondlyan Adaptive Network-BasedInferenceSystem(ANFIS) for the classificationof

DOA.

TheKSOM wasusedby Backory(1999) to assessDOA from theAEP. TheKSOM usessix

of the AEP featurespresentedin the previoussection. This setof featureswasstudiedby

the sameresearcherand proved to give acceptableresultswhen using the KSOM. The

KSOM developedby Backory (1999) will be appliedto the datafrom patientsPat1 and

Pat2, andlatera KSOM will betrainedandtestedwith thesamedatasetsusedfor theFRC.

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

featuresthanKSOM. This classifierwasappliedto the datafrom patientsPat1 andPat2.

Finally, the ANFIS was trained and testedagain with the samedata sets used when

developingtheFRC. The resultsarecomparedwith theonesfrom theFRCusingtheAEP

featuresonly.

3.6.1 Kohonen Self-Organizing Map

KohonenSelf-OrganizingMap (KSOM) is anunsupervisedlearningmethodnetwork. 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 classmembershipis

broadlydefinedasinput patternsthat sharecommonfeatures, theotheris that thenetwork

will be ableto identify commonfeaturesacrossthe rangeof input patterns. KSOM works

upontheseassumptions, andusesunsupervisedlearningto modify the internalstateof the

networkto modelthe featuresfound in the trainingdata. The learningalgorithmorganizes

the nodesin the grid into local neighbourhoodsthat act as featureclassifiersin the input

data. The topographicmap is autonomouslyorganizedby a cyclic processof comparing

input patternsto vectorsstoredat eachnode. No training responseis specifiedfor any

training input. Where inputs match the nodevectors, that areaof the map is selectively

optimized to representan averageof the training data for that class. From a randomly
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organizedsetof nodesthegrid settlesinto a featuremapthathaslocal representationandis

self-organized. Self-organizationrefers to the ability to learn without being given the

correspondingoutputfor an input pattern. Therefore, self-organizingnetworksmodify their

connectionstrengthsbasedonly on the characteristicsof the input patterns. A training set

hasmany input vectorsthat aresimilar, andthe networkshouldbe trainedto activatethe

sameKohonenneuronfor eachof them.

Backory (1999) developeda KSOM for DOA using the dataof nine patients. Thesedata

werefurtherbalancedwith datafrom threevolunteersfor theAwakeandOK/Light levels.

In addition, statisticalgenerationof datafor the OK and OK/Deeplevels was used. This

was necessaryin order to achievebalancedtraining and testingdatasetsfor the KSOM.

This neuralnetworkclassifieruseda setof AEP featuresformedby: D51, D52, D4, D3, D2

andD1. The KSOM developedandusedby Backory(1999) wasappliedto the datafrom

patientsPat1 andPat2, theclassificationresultsbeingpresentedin Table3-13.

Table3-13: Percentageof samplesclassifiedby theKSOM (Backory, 1999).

Patient Correct Incorrect

Pat1 9.5% 90.5%

Pat2 13.2% 86.8%

TheKSOM hasa very low performance, with a very low correctclassificationpercentage.

Figures3-8 and3-9 showtheKSOM classificationfor thetwo patients. TheKSOM wasnot

ableto correctlyidentify theDOA levels.

The datausedby Backory(1999) wasgatheredduring generalanaesthesiawith a different

combinationof drugs, i.e. fentanylastheanalgesicdrug, while with patientsPat1 andPat2

remifentanilwas the analgesicdrug used. The effect of analgesicson the AEP is a study

underinvestigationandthereareno clearresults. However, someresearchespoint out that

remifentanilmaydepressAEP in a dosedependentmanner(Crabbet al., 1996; McGregor

et al., 1998). Therefore, the KSOM was trainedagainwith the samedatasetsas for the

FRC (Table 3-3), so as to reflect the remifentanil influence. The resultsof thesenew

KSOM arepresentedin Table3-14, consideringthetestingdataset.
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Figure3-8: Resultsof theKSOM (Backory, 1999) for thedataof patientPat1.

Figure3-9: Resultsof theKSOM (Backory, 1999) for thedataof patientPat2.

Table3-14: Performanceof thenewKSOM (trainedwith thedatafrom patientsPat1 andPat2) on the
testingdataset.

Correct Incorrect

Number of samples 97 41

Percentage of samples 70.3% 29.7%
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Table3-15: Percentageof samplesclassifiedby thenewKSOM (usingthesamedatasetastheFRC).

Patient Correct Incorrect

Pat1 47.8% 52.2%

Pat2 64.3% 35.7%

Table3-15 showstheresultsfor patientPat1 andPat2 separately. Thecorrectclassification

percentagefor the new KSOM is very high. However, Figures3-10 and 3-11 show that

evenwith a high classificationpercentagetheKSOM wasnot ableto correctlyclassifythe

DOA changes. In fact, theKSOM haslabelledall thedatasamplesasOK/Deep, indicating

that it is biasedtowardsthe OK/Deeplevel. This is dueto the fact that the majority of the

trainingdatasamplesarefrom theOK/Deeplevel, whichpredominates.

Figure3-10: Resultsof thenewKSOM (usingthesamedatasetastheFRC) for thedataof patientPat1.

Figure3-11: Resultsof thenewKSOM (usingthesamedatasetsastheFRC) for thedataof patientPat2.
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The KSOM needsa balancedtraining data set and a large numberof samples, usually

above1000. The amountof data available is very small, and this will compromisethe

performanceof any neuralnetwork; KSOM works bestwhenthe networksarevery large,

andthesmallerthenetwork, thelessaccuratethestatisticalmodelwill be.

3.6.2 Adaptive Network-Based Fuzzy Inference System

Jang(1993) proposedan Adaptive Network-BasedFuzzy InferenceSystem(ANFIS) that

identifies a set of parameters through a hybrid learning rule combining the

back-propagationgradient-descentand a least-squaredmethod. ANFIS is a graphical

network representationof Sugeno-Type fuzzy systems, endowedwith neural learning

capabilities. This allows the fuzzy systemto learn from the datathey are modelling. The

membershipfunctionparametersarechosensoasto tailor themembershipfunctionsto the

input/output data. Therefore, ANFIS is usedfor tuning the rules of fuzzy systems. The

networkis comprisedof nodesandwith dutiescollectedin layerswith specificfunctions. It

constructsa network realizationof fuzzy rules. ANFIS structureis shownin Figure3-12.

Layer 1 consistsof membershipfunctionswith adaptableparameters. Layer 2 implements

the fuzzy AND operatorwhile layer3 actsto scalethe firing strengths. Theoutputof layer

4 is comprisedof a linear combinationof the inputs multiplied by the normalizedfiring

strength. Layer5 is a simplesummationof theoutputsof layer4.

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, D31, D32, D33, D2 andD1. This setof featureswasstudiedfor

correlationwith DOA andclassificationperformance. The datafrom severalpatientswere

usedto train theANFIS, usingthesamedrugcombinationasBackory(1999).

The classifierdevelopedby theseresearcherswasappliedto the dataof patientsPat1 and

Pat2 (Table3-16). The resultsshowthat the ANFIS classifierperformswell with the data

from patient Pat2. PatientPat1 includesmany DOA variationsand incidentsof Awake

classification(Figure 3-13). Thesesporadicsamplescould be partly due to diathermy.

However, manywrong classificationson the OK/Light level caninducethe anaesthetistin

error. In addition, theDeepDOA level classificationsarealsomisleading, sincethis level is

dangerousfor the patient. Nevertheless, ANFIS performedbetterthan the KSOM. Figure

3-14 shows the overall DOA classification for patient Pat2. The classifier performs

reasonablyandis capableof distinguishingbetweenthelighteranddeeperDOA levels.

Table3-16: Percentageof samplesclassifiedby theANFIS (LinkensandAbbod, 1998).

Patient Correct Incorrect

Pat1 33.3% 66.7%

Pat2 59.6% 40.4%

Figure3-13: Resultsof theANFIS (LinkensandAbbod, 1998) for thedataof patientPat1.

In Abbodet al. (1998) a secondmeasureof DOA wasused. A rule-basedfuzzy logic using

heartrateandarterialpressureis usedto obtainanothermeasureof DOA. This measureis

fused(usingfuzzy logic rules) with the ANFIS DOA measureto obtaina final assessment

of DOA. Theresultswith this datafusionof multi-anaestheticdepthmeasuresimprovesthe
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overallclassificationresultspresentedin thesamestudy.

Figure3-14: Resultsof theANFIS (LinkensandAbbod, 1998) for thedataof patientPat2.

The ANFIS classifierusingthe AEP featureswastrainedagainwith the samedatagroups

as the FRC (Table 3-3). The objectivewas to comparethe resultswith the resultsof the

FRC using the sameresources. Table 3-17 showsthe resultsof the new ANFIS on the

testingdataset. Theperformanceof theANFIS is smallerthantheFRC(Table3-10).

Table3-17: Performanceof thenewANFIS (trainedwith thedatafrom patientsPat1 andPat2) on the
testingdataset..

Correct Incorrect

Number of samples 29 109

Percentage of samples 21% 79%

ThenewANFIS wasappliedto thedataof patientsPat1 andPat2 separately(Table3-18).

The correct classificationpercentagehas decreasedfor patient Pat2, but increasedfor

patientPat1 whencomparingwith Table3-16.

Table3-18: Percentageof samplesclassifiedby thenewANFIS (usingthesamedatasetastheFRC).

Patient Correct Incorrect

Pat1 41.8% 58.2%

Pat2 28.2% 71.8%

Figures3-15 and 3-16 show the overall classificationresults for patient Pat1 and Pat2

respectively. TheANFIS is ableto distinguishbetweenlighter anddeeperDOA levels. The
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majority of thesamplesareclassifiedin theOK DOA level. Notice thatOK andOK/Deep

levelsaremostdifficult to distinguish. Nevertheless, theANFIS developedby Linkensand

Abbod (1998) hasa betterperformancewith the datafrom patientPat2 thanwith the data

from Pat1.

Figure3-15: Resultsof thenewANFIS (usingthesamedatasetastheFRC) for thedataof patientPat1.

Figure3-16: Resultsof thenewANFIS (usingthesamedatasetastheFRC) for thedataof patientPat2.

3.6.3 General Results

Figure 3-17 shows the classificationresults of the classifierspresentedpreviously, the

KSOM developedby Backory (1999) and the ANFIS developedby Linkens and Abbod

(1998). The ANFIS matchesthe performanceof the FRC when consideringpatientPat2.
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However, the ANFIS was not trainedwith datafrom this patientand sucha high correct

classificationpercentageindicatesthe efficiency of the classifier. The KSOM hasa poor

performancewith thedatafrom bothpatients.

Figure3-17: ClassificationresultsusingtheFRC, theKSOM andtheANFIS.

The datausedby theseresearchersto developthesetwo classifierswere gatheredduring

generalanaesthesiawhenusinga combinationof propofolandfentanyl. While theFRCwas

trained with the data from patientsPat1 and Pat2 which was obtainedunder general

anaesthesiawith a combinationof propofol and remifentanil. The two analgesics, i.e.

fentanyland remifentanil, havedifferent characteristics. Remifentanilis morepotentthan

fentanyl and it is known for reducingthe cardiovascularparametersmore than the other

analgesics. WhetherremifentanilcaninfluencetheAEP is still a matterof debate, but it is

not unreasonableto think so.

It wasdiscussedin Chapter2 that the AEP showsimilar resultswith different anaesthetic

agents, reflecting the hypnotic effect. The synergistic interaction of propofol and

remifentanilwill be discussedin Chapter4. Remifentanilpotentiatespropofol, therefore,

the degreeof unconsciousnesswill be different when usingpropofol aloneand when the

samedoseof propofol is combinedwith remifentanil. Consequently, the KSOM and the
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ANFIS weretrainedagainwith thesamedataastheFRC. Table3-19 showsthepercentage

of correctclassifiedsamplesof thethreeclassifierson thesametestingdataset.

Table3-19: Percentageof correctclassifiedsampleson thetestingdatasetby thethreeclassifiers.

FRC New KSOM New ANFIS

Testing data set 61.6% 70.3% 21%

Figure3-18: ClassificationresultsusingtheFRC, thenewKSOM andthenewANFIS.

AnalysingTable3-19 andrecallingFigures3-10 and3-11, it is obviousthat the KSOM is

biasedto the OK/Deeplevel and that evenwith 70.3% of correctclassifiedsamples, the

classifierhasa poor performance. Figure 3-18 showsthe resultsof the classifierson the

data from both patients. The ANFIS performsbetter than the KSOM, becauseit is not

biased. Overall, the FRC led to an acceptableperformanceandprovedto work betterthan

theotherclassifierson theavailabledata.
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3.7 Summary

Theclassificationof DOA is a complextask, but essentialto developefficient closedloop

control systems. However, direct measurementsare unavailableand signal processing

techniquesarerequiredto determinetheDOA level.

Researchon MLAEP led to the investigationof feature extraction techniquesand of

classifiers, soasto obtaina clearindicatorof DOA. Any patternthatcanberecognisedand

classified, possessesa numberof discriminatory features. The measuredvaluesdo not

necessarilycarry much discriminatory information; the data may even complicate the

classificationschemebecauseof this deficiency. Thefirst stepin theclassificationtaskis to

considerthe problem of what discriminatoryfeaturesto selectand how to obtain these

features. The use of MRA with WT proved to be very efficient in extracting relevant

featuresfrom theAEP. TheMRA decomposestheAEP into different resolutionsallowing

a detailed analysisof the behaviourof the signal in its different spectralbands. The

decomposedcomponentswereanalysedfor their energycontentand theseareusedasan

indicatorof theDOA. Thenextstepis how to classifythesedetailedfeaturesinto different

anaestheticdepths. The complexityof biomedicalsystemsmakesit a favourablespacefor

fuzzy logic basedapplications. In this specific case, there is a small amount of data

available; this canbeprovedusefulwhenchoosinganadequatetypeof classifier.

Neural networksare very popularas classifiersand haveprovedto be efficient in some

cases. However, theyneeda largenumberamountof datato beeffective. Balancedtraining

data sets, representingall the classificationclasseswith a similar amountof samplesis

essentialfor a non-biased neural network classifier. This is reflected in the KSOM

performance, wherethereis alsotherisk of overtraining.

The trainedFRC was usedto classifya set of waveletextractedAEP featuresinto DOA

levels. The FRC usesfuzzy relations to establishthe connectionbetweennatural data

clustersand the class identifiers. The nature of the FRC makes it adequatefor high

dimensionvector featuresand complexclassificationprocesses, when a small amountof

datais available; this is reflectedin theclassificationresults.

The ANFIS led alsoto acceptableresults, however, thesewereno betterthanthoseof the

FRC. Note that ANFIS uses neural 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

anaesthetistbasedhis decision about DOA level on the clinical signs and his own

experience. Consideringthat the sampling time was 30 seconds, it was possible that

changesin the DOA level from OK to OK/Deepcould go unnoticedto the anaesthetist.

Therefore, some samplesattributed to a wrong classificationcould in fact be correct.

Nevertheless, theanaesthetist’s opinion is takenasthecorrectclassificationfor thereis no

other preciseanalysisto evaluateDOA. In conclusion, this is not an easyclassification

problemwhereone knows the correctclassificationand the performanceof the classifier

canonly be judgedon thepercentageof thecorrectclassifiedsamples; theoverall trendof

classificationhasto beaccountedfor. It is importantthat theclassifieris ableto distinguish

betweenthedifferent levelsof DOA, andspeciallyto reflect the trendof anaestheticdepth

changes.

The FRC will be usedthroughoutthis project as the classifierof DOA from the wavelet

extractedAEP features. A secondFRC was also trained with a set of cardiovascular

parameters, andwill be usedasa reinforcementto the overall decisionscheme. The AEP

FRCdid not presentanyunclassifiedcases.
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Chapter 4

Patients and Drug Pharmacology

4.1 Introduction

The conceptsof DOA and AEP were presentedin the previouschapters. However, in

anaesthesiathe adopteddrug profile playsan importantrole (i.e. anaestheticandanalgesic

drugs). The interactionof different drugshasalsoan influenceon the overall efficacy and

efficiency of anaesthesia. The anaesthetisthas to be aware of the drug effects and

interactions.

Anaesthesiainvolves the useof threedrugs, a musclerelaxant, an anaesthetic(hypnotic)

and an analgesic. Sincethe main concernis the monitoring and control of DOA, and as

explainedin Chapter2 themusclerelaxanthasno influenceon thedegreeof hypnosis. The

analgesicdrug is of more importancesince it affects the pharmacodynamicsof the

anaestheticdrug and thereis no clear indicator of the degreeof pain. The analgesicand

anaestheticdrugsareinterconnected, sincetheyinteractwith eachothersoasto achievean

adequatelevelof DOA andanalgesia.

The intravenousanaestheticdrugpropofol is usedin this project. Thedrugpropofolcanbe

usedasa soleanaestheticagent. However, therequiredpropofolconcentrationis associated

with severehaemodynamicresponses. As a result, propofol is combinedwith specific

analgesicagentssoasto reducethedoserequirementsanddiminish thesideeffectsduring

anaesthesia. The intravenousanalgesicdrugremifentanilis theanalgesicagentusedin this

project. Remifentanilis a newrapid-acting � -opioid thatcanbetitratedto patient’sneeds.

In this chapter, the patient’s demographyis presentedandthe propertiesof the anaesthetic

(propofol) and analgesic(remifentanil) drugsusedare explainedin detail. In addition, a

review of researchon drug interactionsand its importancein balancedanaesthesiais
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presented. Thedifferent typesof druginteractionsareexplainedandmain focusis givento

thedrugscombinationusedin this project(i.e. propofol/remifentanil).

4.2 Patients Demography

The data used in this project were gatheredduring surgical interventionsin the Royal

Hallamshire Hospital in Sheffield, with the supervisionof Dr. J. Peacock, a senior

anaesthetistin the Departmentof Anaesthesiaof the samehospital. The patientshad an

ASA I or II statusandgavepreviousexplicit consentto beincludedin this study.

The datacollectionwasrestrictedto patientswho receivedthe sameanaesthetic/analgesic

drug profile, andto surgicalinterventionsthat did not needotherdrugsthat could interact

with this particulardrugprofile. For instance, obesepatientscouldnot beusedfor thedata

gathering, since these patients have different pharmacokineticproperties, and patients

having serioushealth problemsand previously medicatedwith other drugs were also

excluded, since thesecould interfere with normal drug profile/interaction. In addition,

surgicalproceduresthat requireelectricalequipmentthat could interfereheavily with the

AEPrecordingwereexcluded.

A clearprofile of bothdrugsis of greatimportancewhenthe interactionbetweenthedrugs

andits effectson DOA arebeingstudied, hence, it wasnot easyto gathersuitabledata. In

addition, theRoyalHallamshireHospitaloperationtheatreswerebeingrestructuredduring

thecourseof this project, limiting evenmorethenumberof suitablecases.

The surgicaldata relating to threepatientswere collectedfor the project. In one of the

surgicalinterventionstherewasa fault in theAEP recordingequipment. Therefore, patient

Pat3 wasexcludedfrom the study. The two otherpatientsprofiles arepresentedin Table

4-1.

The data from both patientswere usedto train and test the DOA classifier (Chapter3).

However, when modelling the drug effectsonly the datafrom patientPat1 will be used.

PatientPat2 wasexcludedfrom themodellingpartbecauseof thedrugprofile usedandits

possibleimplications. Theuseof a bolusof morphinecouldhaveaddedanextrainteraction

with propofol, sincethe level of analgesiais not only providedby remifentanil. In addition,

therearesomecontroversialresults(SasadaandSmith, 2000) aboutthe useof atracurium

(musclerelaxant) with propofol, indicatinga possiblephysicalincompatibility. This means
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thatbothdrugscannotbemixedtogetherin thesamesyringe. However, whenadministered

separatelyinto different veins there is little risk of incompatibility, considering that

atracuriumwas usedin bolus dosesand the speedof the blood flow. Thesefacts could

interferewith the analysisof the interactionof propofol and remifentaniland lead to an

inadequatemodel. Therefore, it wasconsideredbestto excludethe datafrom patientPat2

andonly usethecoherentdata(i.e. Pat1) for themodellingpart(Chapter5).

Table4-1: Particularsof thepatientsformingpartof thisstudy. Thedrugsusedarepartitionedin three
categories: musclerelaxant(vecuroniumandatracurium), anaesthetic(propofol) andanalgesic

(remifentanilandmorphine).

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

Pat1 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 anaesthesiasyringe pumpsfrom GrasebyMedical Limited were

used. Onefor the infusionof propofolandtheotherfor remifentanil. Both infusionprofiles

werecontrolledby the anaesthetist. The GRASEBY 3500 incorporatesa “Dipifusor” TCI

for propofol. Therefore, theanaesthetisttargetedthepropofolplasmaconcentrationandthe

TCI infusion algorithm decidedupon the necessaryinfusion rate. Figure 4-1 showsthe

syringepumpused, whichhasanRS232 outputport for theinterfacewith a computer.

Figure4-1: GRASEBY3500 anaesthesiasyringepumpusedfor propofolandremifentanil.
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4.3 The Anaesthetic Propofol

Propofol (Diprivan) is used mainly for the induction and maintenanceof general

anaesthesia, andalsofor sedationduringintensivecareandregionalanaesthesia. It hasalso

been used for the treatmentof refractory nauseaand vomiting in patients receiving

chemotherapyand in the treatmentof statusepilepticus, but theseare secondaryusesof

propofol (SasadaandSmith, 2000). Theeffectsof propofolarecontrolledby rapidhepatic

metabolism. A significantproportionof thedrugis metabolisedassoonasit passesthrough

the liver. Becauseof the rapid hepaticmetabolismof propofol, accumulationdoesnot

occurandsothewakingtime shouldbethesameirrespectiveof thedurationof thenormal

maintenanceinfusion; recoveryis pleasant, nauseaand vomiting are rare (Carrie et al.,

1996).

Propofolis presentedasa white oil-in-wateremulsioncontaining1% or 2% weight/volume

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 anaesthesia. These 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). Generallyan increaseof 25-50% is necessary. McFarlanet al. (1999)

explains that children require higher infusion rates than adults due to altered

pharmacokineticsin this agegroup. Somepracticalguidelinesfor the useof propofol in

paediatricanaesthesiaare also presentedin the samestudy. The influenceof ageon the

propofol requirementshas been studied by several researchers(Peacocket al., 1990;

Schnider, 2000; Schnideret al., 1999; Schuttlerand Ihmsen, 1993). When considering

elderly patients, genderalso influencesthe pharmacokineticsof propofol. Vuyk et al.

(2001) reportsthat femaleelderly patientsrequireapproximatelya 10% higher propofol

infusion ratethanmalepatients, in orderto ensurethe sameblood propofol concentration.

Femalepatientswill regain consciousnessmore rapidly than male patientswhen they

experience similar propofol infusion schemes, in the presence of a similar

pharmacodynamicprofile.

Propofol is a useful drug for induction and maintenanceof hypnosis during total

intravenousanaesthesia. Thedrug’s fastdistributionandrapidmetabolismresultin a short

plasmahalf-life. This explainsthe fastandclear-headedrecoveryafter its useandmakesit
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anidealdrugfor usein continuousinfusions.

Propofolproducesa 15-25% decreasein blood pressureandsystemicvascularresistance,

anda 20% decreasein cardiacoutput. This is oneof thesideeffectsof propofol. Profound

bradycardiaandasystolemaycomplicatetheuseof thedrug(Chaudhriet al., 1992; Sasada

andSmith, 2000; Schulzeet al., 1999).

Propofol decreasesthe amplitudesof the AEP due to its hypnoticeffect (Chassardet al.,

1989; Palmet al., 2001). Kuizengaet al. (1998) studiedtheeffectsof propofolon theEEG,

when infused at a rate of 0.5 mg/kg/min for 10 minutes. They concludedthat propofol

exertsa biphasiceffecton theEEGamplitudein all frequencybands.

Computerizedpropofol infusion systemshave beenused in anaesthesiafor sometime.

Researcherslike Russellet al. (1995) and White and Kenny (1989), evaluatedthe useof

manualversusTCI of propofol. Overall, controlledinfusionof propofolhaveperformedas

accuratelyas manual infusions. Robertset al. (1988) developeda simple schemefor

manualcontrolof a propofol infusionsoasto approximatetheprogramusedby a computer

controller. This schemeprovedto beefficientwhentheanaesthetistdid not haveaccessto a

microprocessorcontrolleror a computerenabledvolumetricinfuser.

A drug generalpharmacologyis divided in pharmacokineticsand pharmacodynamics.

Pharmacokineticsare generally describedas: “what the body does to a drug” , while

pharmacodynamicsaredescribedas: “whatthedrugdoesto thebody” (Shieh, 1994). In the

nextsectionthepharmacokineticsof propofolwill bediscussed.

4.3.1 Pharmacokinetic Model

Pharmacokineticsis the quantitativestudyof the absorption, distribution, metabolismand

elimination of chemicalsin the body and the rate of theseeffects. Most drugs exhibit

multicompartmentpharmacokineticbehaviour(Sheineret al., 1979). A three-compartment

model bestdescribesthe distribution and elimination of propofol. This model is usedto

predict the plasma concentrations. Figure 4-2 shows the general diagram of a

three-compartmentmodel.

Thepharmacokineticsof propofolappearto be linearwithin clinical dosageranges. This is

necessaryfor thecompartmentalmodelto adequatelydescribethemetabolismof propofol.

The shape of the drug concentrationdecay is unaffected by dose and the derived
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pharmacokineticparametersaresimilar for thedifferentdosesused(Gepts, 1998).

Figure4-2: Thethree-compartmentmodel. Thek ij aretheinter-compartmentalrateconstantsthatgovern
drugdistributionandk10 is therateconstantof elimination. Compartment1 is definedasthecentral

compartment.

The pharmacokineticconstantsused in the propofol linear three-compartmentmodel

(Figure4-2) areshownin Table4-2, andwereusedby Marshet al. (1991). Vc is thecentral

compartmentvolumeper kg of patient’s weight. Vc is usedto deriveV1 the volumeof the

central compartment from the mass of the patient, using V1 � Vc � mass. The

pharmacokineticparametersdescribing the flow-rate of the drug betweenthe various

compartmentsareasfollows: k ij is therateconstantfor drugtransferfrom compartmenti to

compartmentj; k10 is the rate constantof elimination from the centralcompartment(i.e.

compartment1).

Table4-2: Pharmacokineticparametersfor propofoldescribedby Marshet al., (1991) reflectingthe
three-compartmentpatientmodel.

Vc (l kg � 1 � k10 (min � 1 � k12 (min � 1 � k13 (min � 1 � k21 (min � 1 � k31 (min � 1 �
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,

consideringm1 � t � , m2 � t � and m3 � t � as the massesat time t in compartment1, 2 and 3

respectively, andr � t � asthedruginfusionrateat time t.

.
m1 � t � � k21m2 � t � 	 k31m3 
 t � � 
 k12 � k13 � k10 � m1 
 t � � r 
 t �

.
m2 
 t � � k12m1 
 t � � k21m2 
 t �

.
m3 
 t � � k13m1 
 t � � k31m3 
 t �

4-1

Assumingzero initial conditionsandusingthe Laplacetransform, the systemin Equation
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4-1 becomes:

sM1 � s � � k21M2 � s � � k31M3 � s � � � k12 � k13 � k10 � M1 � s � � R � s �
sM2 � s � � k12M1 � s � � k21M2 � s �
sM3 � s � � k13M1 � s � � k31M3 � s �

4-2

Finally

M 1 � s�
R � s� �

s2 � � k21
� k31 � s� k21k31

s3 � p1s2 � p2s� p3
4-3

where

p1 � k31 � k21 � k12 � k13 � k10 4-4

p2 � k21k31 � k12k13 � k13k21 � k10k31 � k10k21 4-5

p3 � k21k31k10 4-6

Theplasmaconcentration(i.e. concentrationin compartment1) is describedas:

Cp � M 1

V 1
4-7

Equation 4-3 is discretisedusing a ZOH (zero-order-hold) and a sampling rate of 30

seconds.

The values of the pharmacokineticparametersare average population values. The

individual pharmacokineticvariability producesdifferentpharmacologicalresponses, when

patientsare given identical dosesof a drug. Therefore, the doserequiredto producea

specific responsemay vary betweenindividuals. Age, body weight and diseaseare some

factorsthat affect more the pharmacokineticvariability. Propofol infusion ratesshouldbe

setaccordingto total bodyweight(Hirota et al., 1999). Plasmaconcentrationof propofol is

dependenton the body weight during a fixed rate infusion (Equation4-7). Specialcareis

necessarywith obesepatients, sincethepharmacokineticparametersarelargelyaffectedby

this.

Theaccuracyof thedifferentsetsof parameterswasanalysedby Glasset al. (1989). It was

foundthat, if theparametersarecoherentthenthecompartmentalmodelis valid.

In conclusion, the pharmacokineticsis the mathematicalanalysisof the drugsmatabolite

levelsin thebody. Thechangesin drugconcentrationin relationto time areusedto derive
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the pharmacokineticconstantsthat adequatelyaccountfor the behaviourof drugs in the

body.

4.3.2 Effect Compartment

There is a temporal delay betweenchangesin the plasmadrug concentrationand the

measuredeffect, becausesomedrugsact at the siteswhich mayberemotefrom the blood

stream. This delay is a consequenceof the finite time neededfor drugs moleculesto

equilibrate with the effect site. The effect site is modelled by adding an additional

compartment, linked to thecentralcompartmentof thethree-compartmentpharmacokinetic

model(Figure4-2) by thesinglefirst-orderprocessshownin Figure4-3.

Figure4-3: Effect compartmentmodel. ke0 is therateconstantof drugelimination.

More accurately, the effect compartmentis connectedto the central compartmentby a

first-orderrateconstant, k1e, while thedrugdissipationfrom theeffectcompartmentoccurs

by meansof a secondfirst-order rate constant, ke0 (Sheineret al., 1979). However, the

effect compartmentis defined as being negligibly small and k1e is an arbitrary small

fraction of ke0. The hypotheticalconcentrationin the effect compartmentcan only be

calculatedif the value of ke0 is known, sinceke0 will preciselycharacterizethe temporal

effectsof equilibrationbetweentheplasmaconcentrationandthecorrespondingdrugeffect

(Mortier andStruys, 2000).

Bovill (2000) reports that a consequenceof the delay in equilibration is that a plot of

pharmacodynamicresponse(effect) againstplasmaconcentrationmeasuredduring and

aftera shorti.v. infusion, will showananticlockwisehysteresisloop. Theunderlyingeffect

site concentrationand the blood-effect delay (i.e. the value of ke0), can be estimatedby

manipulatingthehysteresisloopsothattheloopcollapses.

Thepharmacodynamicparameterke0 for propofolwassetby Linkenset al. (1993) asbeing

0.1 min � 1. In the samestudy, theseresearchersusedthe samepharmacokineticparameters
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shownin Table4-2. Thevalueof ke0  0.1 min! 1 will beusedin this project.

Theconcentrationof drugat theeffect site (Ce), not theplasmaconcentration, governsthe

drugeffect. Therefore, it is moreaccurateto usetheeffectconcentrationto modelthedrug

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 consciousness. The

mediantime to lossof responsivenesswas3.02 minutesin thegrouptargetedto a predicted

plasmaconcentrationversusa 1.23 minutes in the group targetedto a predictedeffect

compartmentconcentration. The effect site is the theoreticalcompartmentin which a drug

exertsits actionandthustheconcentrationat this site is a directdeterminationof theeffect

of thedrug.

4.4 The Analgesic Remifentanil

Opioidsprovidethe analgesiarequiredin balancedandtotal i.v. anaesthesiatechniquesto

block autonomic nervous system and somatic responsesto noxious surgical stimuli.

Remifentanil(GI87084B) is oneof theopioidsusedto providetheanalgesiccomponentof

general anaesthesia. It is a new synthetic opioid that exhibits classic " -agonist

pharmacologic effects including analgesia, sedation and respiratory depression.

Remifentanil is presentedas a clear, colourless solution for injection, containing

remifentanilhydrochloridein a glycinebuffer (SasadaandSmith, 2000).

A metabolismby nonspecificesterasesgivesremifentanila pharmacokineticprofile 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 patient needand could provide new methodsof

combininglarge-doseopioid anaesthesiawith risk reductionstrategies(CamuandRoyston,

1999).

Remifentanilis generallyadministeredby continuousinfusion becauseintermittentbolus

dosesare inconvenientfor all but shortestprocedures. A continuousinfusion approaches

steady-stateconcentrationin only 10 minutes(Rosow, 1999). The titration of drug doses

accordingto eachpatient’s needsis facilitatedby therapidoffsetof actioncombinedwith a
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rapidonsetof action(Westmorelandet al., 1993).

Accuratedosingof remifentanilis not quitesocritical aswith otheropioids, becauserapid

recoveryis effectively dose-independent. Its clearanceis unaffectedby variablessuchas

hepaticor renal function, gender, drug interactionand durationof infusion. Hoke et al.

(1997) concludedthat remifentanil elimination was independentof renal function (renal

disease). The otherparametersthat havebeendemonstratedto alter remifentanilclearance

such as age and weight, do not producegreat changesin drug duration. Therefore, an

infusionof remifentanilproducesa consistentsteady-statebloodconcentrationandtherate

of disappearanceis moreuniform within a patientpopulation(Minto et al., 1997a; Rosow,

1993). However, Minto et al. (1997b) showedthat age-relatedpharmacodynamicchanges

occur in the peak effect site concentrations; becauseEEG showedan increasein brain

sensitivityto opioidswith increasingage.

The reduction in pharmacokineticvariability with remifentanil is one of its major

advantages. Peacocket al. (1998) showthat remifentanilcanbe usedfor a diversepatient

populationaspartof a balancedanaesthesia.

Reves(1999) suggeststhatpractitionersshouldbeeducatedaboutremifentanil. Theunique

pharmacokineticprofile of remifentanil gives it unparalleledflexibility , but vigilance is

requiredto avoidproblems. Therapidonsetof analgesiacanbeaccompaniedby anequally

rapidonsetof sideeffectsif thedosegivenis too largeif it is giventoo rapidly.

Remifentanilinfusionshavebeenevaluatedby Williams (2000) for cardiacand vascular

anaesthesia. He presentsa new methodfor calculatingthe remifentanilinfusion ratebased

on weight. This methodwasaccompaniedby Cort (2000), who presentedan easydilution

technique to simplify the administration of remifentanil by infusion to supplement

anaesthesiaduring cardiacsurgery. Nevertheless, remifentanil is possibleto usesafely in

patientsundergoingcardiacsurgery(Michelsen, 2000).

Remifentanilhasonemajorsideeffect: respiratorydepression(Woodset al., 1999). In fact,

dose-dependentincreasesin analgesicefficacy and respiratorydepressionare reportedby

Glasset al. (1993). Furthermore, remifentanildecreasesmeanarterial pressureand heart

rateby 20%. Myocardialcontractibility andcardiacoutputmay alsodecrease(Sasadaand

Smith, 2000). Kallar et al. (1994) reported that remifentanil causeddose-dependent

reductionsin bloodpressureandheartrate. In thesamestudy, remifentanilwasfoundto be

more effective than alfentanil in attenuatingthe responsesto anaestheticand surgical

stimuli. Prakashet al. (2001) reportsincidentsof hypotensionandbradycardiawhenusing

78



_________________________________________________________________________________________________________________________________________________________
Chapter 4: Patients and Drug Pharmacology

remifentanilduringrigid bronchoscopy. Glasset al. (1999b) reportsthatremifentanilin the

presenceof isoflurane, resultedin a 10-40% decreasein SAP andsimilar changesin heart

rate. They suggestthat bradycardiacould be preventedby pretreating patients with

glycopyrrolate.

Lower valuesof bloodpressureandheartratearereportedwith theuseof remifentanilthan

with otheropioids, suchasalfentanil and fentanyl (Natalini et al., 1999; Ng et al., 2000;

Peacockand Philip, 1999; Sneydet al., 1998). However, the major differencebetween

remifentanilandotheropioidsis thesmallerrecoverytime (Bekkeret al., 2000; Dershwitz

et al., 1995; Eganet al., 1996; Fleisheret al., 2001; Monk et al., 1994). Ahonenet al.

(2000) reportsthat the timesto awakeningandtrachealextubationwheremorepredictable

in patientsreceiving remifentanil comparedwith patientsreceivingalfentanil. Loop and

Priebe (2000) studied the recovery after anaesthesiawith remifentanil combinedwith

different anaesthetics. They concludedthat the useof remifentanilwas characterizedby

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

propofol, desfluraneandsevoflurane).

Remifentanil has also been reported by its sedativeeffects. Sneyd (1999) statesthat

monitored anaesthesiacare sedationwith remifentanil is an effective techniquewhich

worked reasonablywell in clinical trials. However, this is not the primary action of the

opioidandshouldbeconsideredasa sideeffect.

Remifentanil is also usedas a sole agent, when only analgesiais required. Blair et al.

(2001) usesremifentanilin a patient-controlledanalgesiasystemfor labour. Litman (2000)

also used remifentanil for conscious sedation during painful medical procedures.

Remifentanilsafelyprovidesanalgesia.

Glasset al. (1999a) usedventilatory depressionas the measureof opioid effect, when

determiningthepotencyof remifentanil. Theyconcludedthatremifentanilis approximately

40 times more potent than alfentanil, when remifentanil and alfentanil whole-blood

concentrationare compared. In fact, remifentanil is also more potent than fentanyl and

sufentanil.

Remifentanil is not only usedin combinationwith propofol. Severalstudieshave been

publishedusing different anaesthetics. Drover and Lemmens(1998), and Monk et al.

(1994) usedremifentanilasa supplementto nitrousoxide(a volatile anaestheticwith good

analgesicproperties) anaesthesia. Casatiet al. (1999) usedmidazolam(i.v. anaesthetic)

with remifentanil, although, this is not a commoncombination, sincemidazolamis mainly
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usedasa sedativefor minor surgeries, asa premedicationor to inducegeneralanaesthesia.

Remifentanilhasalsobeenusedasa supplementto isofluraneanaesthesia(Bekkeret al.,

2000; Glasset al., 1999b; Maguireet al., 2001).

According to Eganet al. (1993) the potentialadvantagesof an ultra-short acting opioid,

suchasremifentanil, are:

# Theability to rapidlydecreasethedrugeffectto anappropriatelevel intraoperatively,
# a decreasedlikelihoodof undesirableopioidsideeffectspostoperatively,
# thelack of drugaccumulationwith repeatedbolusinjectionsor prolongedi.v. infusion,
# theabsenceof a prolongedmetabolismwith hepaticor renaldisease.

Thetheoreticaldisadvantagesinclude:

# Thenecessityfor administrationby infusiontechniques,
# thelack of prolongedopioideffectwhensucheffectsaredesirable(e.g. postoperative

analgesia).

4.4.1 Pharmacokinetic Model

Remifentanil pharmacokineticshave been investigated following bolus doses and

continuous infusions. A three-compartment model (Figure 4-2) best describes the

pharmacokineticsof remifentanil, reflectingmorecloselythedrugmetabolismin thebody

(Eganet al., 1996; Glasset al., 1999a, b; Mertenset al., 1999; Minto et al., 1997a, b).

Thepharmacokineticparametersusedin this projectfor remifentanilarepresentedin Table

4-3 andwereusedby Eganet al. (1993).

Table4-3: Pharmacokineticparametersfor remifentanildescribedby Eganet al., (1993) reflectingthe
three-compartmentpatientmodel.

Vc (l kg $ 1 % k10 (min $ 1 % k12 (min $ 1 % k13 (min $ 1 % k21 (min $ 1 % k31 (min $ 1 %
0.0899 0.3955 0.3234 0.0222 0.1468 0.0155

The striking featureof the pharmacokineticsof remifentanil is the very rapid decayin

remifentanilblood concentrationafter terminationof an infusion. Therefore, remifentanil

presentsa new pharmacokineticclass of opioids. Remifentanil has a context-sensitive

half-time plateausof 3-4 minutesin humans, andits effectsarefully reversibleby naloxone

antagonism(Dershwitzet al., 1995).
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The calculationsin Equations4-1 to 4-7 havealso beenusedfor remifentanil, sincethe

samestructureof a three-compartmentalmodelwasused.

4.4.2 Effect Compartment

Even for remifentanil, which has a rapid effect site equilibration, there is a small, but

appreciable, benefitfrom targetingtheeffectsite(Bovill , 2000). Thepeakeffectof thedrug

occurs within 1-3 minutes. The offset is rapid and predictable, even after prolonged

infusions.

The pharmacodynamicparameterke0 for remifentanil was set by Vuyk et al. (1997) as

being 0.9242 min& 1. Theseresearchersusedthe samepharmacokineticparametersas in

Table4-3. Thevalueof ke0 ' 0.9242 min & 1 will beusedthroughoutthis project.

4.4.3 Effect of Remifentanil on the DOA Indicators

Remifentanil possessesminimal hypnotic or sedativeactivity. It producesEEG effects

similar to thoseof the other opioids, i.e. high-amplitudeand low frequencyactivity. The

remifentanileffectson theAEP andBIS havebeenstudiedby severalresearches. A review

of this resultswill bepresentednext.

The addition of remifentanil to anaestheticsaffectsthe CNS signalsin the presenceof a

painful stimulus. Crabbet al. (1996) studiedtheeffectof remifentanilon theAEP andSEP

during isofluraneanaesthesia. Pa amplitudecorrelatedinversely with remifentanil blood

concentrationsbeforeandafterintubationandincision.

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

haemodynamicresponsesto orotrachealintubation. Remifentanilattenuatedor abolished

increasesin BIS afterintubationin a dose-dependentfashion. Significantreductionof ( BIS

wasreported. Theyconcludedthat ( BIS wasassensitiveaschangesin thehaemodynamic

variables after a painful stimulus to detect a deficit in the analgesiccomponentof

anaesthesia.

Theeffectof thecombinationof opioidsandhypnoticsonBIS wasalsostudiedby Strachan

andEdwards(2000). Theycombineddifferent infusiondosesof remifentanilwith a steady

infusion of propofol. It was shownthat BIS was reducedby increasinginfusion ratesof
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remifentanil, and that therewas a strongcorrelationbetweenBIS and sedationwith this

combinationof drugs. Therewas clearly a dose-relatedeffect of remifentanilupon BIS,

whichsuggeststhatopioidsreduceBIS whencombinedwith propofol.

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

the lossof consciousnessandBIS duringpropofol inductionof anaesthesia. Theeffect-site

concentrationsof propofol requiredfor lossof consciousnessdependon the simultaneous

administrationof opioids. They concludedthat remifentanil, whenaddedto propofol, did

not affect BIS beforestimulation. However, therewasa significantdecreasein BIS value

afterintubation.

The AEP reflect the balancebetweenCNS depression, causedby anaestheticdrugsand

arousalcausedby surgicalstimulus. McGregoret al. (1998) reportedthat remifentanilwas

able to abolish the responseto laryngoscopy, intubationor incision, as measuredby the

AEP. This is themaincharacteristicof a potentanalgesiclike remifentanil.

Remifentanilhas a greatereffect on the haemodynamicparametercomparedwith other

opioids. Howie et al. (2001) comparedthe use of fentanyl with remifentanil in an

isoflurane/propofol regimen. They reportedthat remifentanilstudygrouphadlower values

of HR andMAP thanthe fentanylstudygroup. In fact, HR waskept below baselinefrom

inductionuntil the endof the remifentanilinfusion, while in the fentanylgrouptherewere

significantvaluesabovethebaseline; thesamewasalsotruefor MAP. Cafieroet al. (2000)

alsoevaluatedtheeffectsof remifentanilversusfentanylon thehaemodynamicresponseto

orotrachealintubation. Significant decreasesin SAP at induction and 4 minutes after

intubation were recorded in the remifentanil group, while significant increaseswere

recordedin the fentanylgroup. HR decreasedsignificantly at inductionin the remifentanil

group, while there was 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 causeddose-dependentreduction in HR and blood pressure.

These results are supportedby Crabb et al. (1996). They also reported dose-related

decreasesin SAP, DAP and HR after administrationof remifentanil. In anotherstudyby

Thompsonet al. (1998) it wasobservedthat whenusing remifentanilblood pressureand

HR neverwentabovebaseline. For example, MAP increasedsignificantlyafter intubation,

but in the remifentanil groups this increasewas quantitatively less than with other
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analgesicsanddid not exceedthepre-inductionvalues.

In conclusion, when addedto a hypnotic an opioid preventsthe somaticand autonomic

responsesto noxiousstimulus. Remifentanilhasa depressiveeffecton HR, bloodpressure,

and on the AEP and BIS. This is due to the potency of remifentanil, i.e. its

pharmacodynamiccharacteristics. Lower valuesof all variablesare reportedwhen using

remifentanilcomparedwith other opioids. Therefore, the rangeof expectedvalue during

anaesthesiais changedwhen using remifentanil. Special care is necessaryto avoid

bradycardiaandhypotension. In addition, remifentanildepressedthe AEP, indicating that

deeperlevelsof anaesthesiawill bereached. Lossof consciousnessis achievedfasterwhen

remifentanilis used.

4.5 Drug Interactions

Generalanaesthesiaon thebasisof a singleagentis associatedwith significantsideeffects,

compromisinghaemodynamicand/or respiratoryfunction, reducingoperatingconditions,

or postponingpostoperativerecovery. Another therapeuticadvantageof combining an

anaestheticwith an analgesicis to achievethe analgesiccomponentof anaesthesia. For an

hypnotic to be able to provide pain relief it has to be administeredat a very high

concentration, whichcanbedangerousfor thepatient. Furthermore, generalanaesthesiais a

processrequiring a state of unconsciousnessof the brain. If only unconsciousnessis

achieved, a noxiousstimuluswill causearousal/awakeningasa resultof theintensityof the

stimulus. The analgesicis usedto preventarousal, inhibiting the noxiousstimulus from

reachingthebrain(Glass, 1998).

Oneof the major concerns, whenusinga combinationof drugsis the possibleinteractions

betweenthem. Interactionsare generallydescribedas being synergisticor antagonistic.

Accordingto Berenbaum(1989), synergymeans“working together” andantagonismmeans

“working againsteachother” , and thesetermsimply the existenceof someintermediate,

zero-interactivestatein which agentsdo neitherof theabove. Formally, thecombinationis

termed) da,db * whereda anddb arethedoses(or concentrations) of thetwo drugsA andB,

respectively. Theeffect is treatedasa mathematicalfunctionE; thus, E ) da,db * is theeffect

of thecombination. E is expressedasa fractionaleffect. Da andDb arethedosesof A and

B separatelythat are isoeffectivewith the combination. Commonly, isobolesareusedfor

analysinginteractions. Isobolesare iso-effect curves, in which the combination ) da,db * is
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representedby a point on a graph, the axesof which are the dose-axesof the individual

agents. It is expectedthat, if the agentsdo not interact, the isobole joining the point

representingthecombinationto thoseon thedose-axesrepresentingdosesisoeffectivewith

the combination(Da andDb) will be a strait line. Figure4-4 showsthe isobolardiagram

presentingthedifferentinteractions.

Figure4-4: Isobolardiagramfrom Berenbaum(1989). A andB aretwo differentdrugs.
Da andDb arethedosesof A andB separately, thatareisoeffectivewith thecombination.

The threedifferent classesof pharmacodynamicinteractionsare definedas (Minto et al.,

2000; Vuyk, 2000):

+ Zero-interactionor additiveinteraction: theeffectof thecombinationof thetwo drugsis

exactlythesumof theeffectsof theindividualagents, thetwo agentssimplyprovidetheir

actionnextto oneanotherwithout influence;

+ Synergisticor potentiation(theisobolebowstowardstheorigin): theeffectof the

combinationis greaterthanthatexpectedasbasedon theconcentrationeffectrelationships

of theindividualagents;

+ Antagonisticor infra-additive(theisobolebowsawayfrom theorigin): theeffectof the

combinationis lessthanthesumof theeffectsof theindividuals, it couldevenbelessthan

thatof oneof its constituents.

If the interactionis synergistic, smalleramountsof both drugsareneededto producethe

drug effect whenadministeredtogether. On the otherhand, if the interactionif antagonist,

greateramountsof bothdrugsareneededto producetheeffectwhenadministeredtogether.

This approach is used to describe pharmacodynamic drug interactions, while

pharmacokineticinteractionsare describedby the interaction-induced changeson the

pharmacokineticparameters.
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Pharmacokineticdrug interactionscan be divided into interactions that occur during

absorption, distribution or elimination. According to Olkkola and Ahonen (2001),

pharmacodynamicinteractionsare far more common and have greatersignificance in

anaesthetic practice than pharmacokinetic interactions. In fact, modern balanced

anaesthesiais basedon pharmacodynamicinteractions, they can be regardedas desirable

and the variety of potentialpharmacodynamicinteractionsis limitless. Pharmacodynamic

variability is typically quite large, reproducible, andoftensubstantiallyexceedstherelative

magnitudeof pharmacokineticvariability (Levy, 1998).

The incidence of adversereactions increasesexponentially as the number of drugs

prescribedrises, and this is probablyat leastpartly causedby drug interactions(Olkkola

and Ahonen, 2001). Chyka (2000) comparedthe numberof deathsattributedto adverse

drug reactionsby deathcertificatesandby the food anddrugadministration’s spontaneous

postmarketingsurveillancesystem(MedWatch), in orderto characterizenationalmortality

statisticsin the United Statesof America in 1995. According to deathcertificates, 206

deathswere attributedto adversedrug interactions, whereasMedWatchtabulated6894

deaths. Thesevalueswerefar belowwhatwasestimatedby extrapolationfrom surveillance

programmes. It wasestimatedthatthenumberof deathsattributedto adversedrugreactions

could be ashigh as200,000 deathsper year. Of course, thesenumbersaremorerelatedto

normal patient medicationor emergenceproceduresthan to interactionsduring general

anaesthesia. However, this study is a clear indicator of the importanceof defining drug

interactionsfor thepatient’s safety.

In generalanaesthesiait is clinically important to recognizethe pharmacokineticand

pharmacodynamicinteraction between propofol (hypnotic) and the analgesic. The

improved knowledge of these interactions can be used to optimize the quality of

intravenousanaesthesiaandto developpracticalguidelinesfor optimaldrugdosing.

Intravenousanaestheticagentsaffect each other’s distribution and elimination. Vuyk

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

concentrationchangesby approximately10-20% dueto thesepharmacokineticinteractions.

He concludesthat, this small variability is unlikely to be recognizablein clinical practice,

since the interindividual pharmacokineticvariability of simple agentsis on the order of

70-80% and interindividual pharmacodynamicvariability is 300-400%. The large

pharmacodynamicvariability meansthat suchinteractionsareof muchgreaterimportance

from a clinical point of view comparedwith pharmacokineticinteractions.

The hypnotic shouldbe administeredto concentrations, which at a minimum, equal the
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concentrationproducinglossof consciousness. To inhibit somaticandautonomicresponses

to noxious stimuli of surgery, an opiate should be added, thereby lowering the

concentrationof thehypnotic. However, a ceiling effecton thereductionof thehypnoticby

theopioid is reached, thusshowingthatopioidscannotbeusedasa soleanaestheticagent

(Glass, 1998).

Thepharmacodynamicinteractionbetweenpropofolandthesyntheticopioidsis synergistic

(Vuyk, 1997, 1999). Thepharmacodynamicsynergisticinteractionstrengthenstheactionof

both agentsevenmore. The optimal propofol concentrationis affectedby the choiceof

opioid. The longer acting the opioid is, the lower the concentrationof opioid one should

providein thepresenceof equivalenthigherpropofolconcentration.

Vuyk et al. (1997) evaluatedtheimplicationof opioid selectionanddurationof infusionon

the rate of recoveryfor combinationwith propofol. With a longer infusion duration, the

optimal targetpropofol concentrationincreaseswhencombinedwith alfentanil, sufentanil

and fentanyl, but decreaseswhen combinedwith remifentanil. Longer infusions increase

the time to awakeningafter termination of the infusion, more for the combinationof

propofol with alfentanil, sufentanilandfentanyl, thanfor the combinationof propofol and

remifentanil, due to a rapid recoveryfrom effects of remifentanil and the possibility of

usinglower targetpropofolconcentrations.

Fentanyl and alfentanil have been shown to decreasethe propofol requirementsfor

inductionandmaintenanceof anaesthesiain a synergisticmanner(Smithet al., 1994; Vuyk

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

propofol increaseswith thestrengthof thestimulus. Theconcavityof theisobolefor lossof

eyelashreflex and consciousness, skin incision , intraabdominalsurgery. The major

pharmacodynamicdifferencesbetweentheseopioidsarepotencyandrateof equilibration

betweenthe plasmaandthe site of drug effect. The half-time of equilibrationbetweenthe

effect site and the plasmafor fentanyl is 5-6 minutes (sameas for sufentanil) and for

alfentanil is of 1.5 minutes. For the threeopioids, fentanyl, sufentaniland alfentanil, the

time requiredfor recoveryincreaseswith the durationof the infusion (ShaferandVarbel,

1991). However, thedecayin theeffectsiteremifentanilconcentrationis muchsteeperthan

that of the other opioids and that of propofol. Remifentanil also affects propofol in a

synergisticmanner(Mertenset al., 2001).

The optimal propofol concentrationis much lower when combined with remifentanil

comparedwith the other threeopioids. Whereasthe optimal propofol concentrationwhen

combinedwith alfentanilis in theorderof 3.5 - g/ml, whencombinedwith remifentanilthe
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optimal propofol concentrationis in the order of 2.5 . g/ml. For a infusion duration of

15-600 minutesthe context-sensitivehalf times of the opioids decreasein the order of

fentanyl / alfentanil / sufentanil / / remifentanil. Therefore, the optimal propofol

concentrationdecreasesin the order of fentanyl / alfentanil / sufentanil / / remifentanil

(Vuyk, 2000).

For all concentrationcombinationsof propofol and remifentanil and all durations of

infusion, recovery after propofol/remifentanil anaesthesiais much faster than when

propofolis combinedwith oneof theotheropioidsat equipotentdoses(Vuyk et al., 1997).

Vuyk (1999) givesthefollowing guidelines:

0 fentanylshouldbecombinedwith a relativelyhighpropofoldosage;
0 alfentanilandsufentanilwith anintermediatepropofoldosage;
0 remifentanilin a relativelyhighconcentration, shouldbecombinedwith a low propofol

infusionregimen.

Recovery after prolonged infusion is rapid, even at suboptimal propofol/remifentanil

concentrations. Return of consciousnessafter propofol/remifentanil anaesthesiais much

more causedby the decreasein the effect site concentrationof the opioid than that of

propofol, since the effect site propofol concentrationdrops much slower than that of

remifentanil. The 60% decrementcurve of remifentanil runs more or lessparallel to the

25% decaycurveof propofol(Vuyk, 2000).

The pharmacodynamicinteraction betweenpropofol and remifentanil as measuredby

effectson BIS, wasanalysedby Ropckeet al. (2001), usinga BIS of 50 asa measureof

“adequate” DOA. They concludedthat the two drugshavea synergistic interactionfor

maintenanceof a BIS valuebetween45 and55 duringsurgery. This wastrue, regardlessof

whetherconcentrationsor 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

betweentheeffectanddrugconcentrationat thesiteof action. Theresponsesurfacemodel

considersany ratio of two drugsgiven simultaneouslyas behavingas a new drug. This

model is empirical and only assumesthat the concentration-responserelation for eachof

the interactingdrugs is describedby a pharmacodynamicmodel. They apply the model

usingdatafrom a studyof the interactionof midazolam, propofol, andalfentanilwith loss

of consciousness. This is a recentandnew approachin this researchareaandthe work is

still under development. They propose to apply this model to a control system in
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anaesthesia.

Propofol also interactswith inhalational analgesicslike nitrous oxide. Davidson et al.

(1993) reportedthat nitrousoxide reducedthe blood propofol concentrationat which 50%

of patientsmovedby approximately30%. In fact, propofol hasa synergisticrelationwith

othersedativeagentsandnot just thesyntheticopioids(Vuyk, 1998).

4.6 Simultaneous Administration of Propofol and Remifentanil

In the recentyears, generalanaesthesiawith propofol and remifentanilhasbecomemore

popular. Becauseof its pharmacokineticcharacteristics, remifentanil, a short-actingopioid

agonist, may be the ideal opioid to usein combinationwith propofol for continuousi.v.

administration(Olivier et al., 2000).

The useof this combinationof drugshasbeenreportedas efficacious(Bagshaw, 1999;

Domaingue, 2001; Grundmannet al., 2001; Kulkarni, 2000; Lehmann et al., 1999;

Rowbothamet al., 1998). The studieson anaestheticdrug interactionsshowedthat the

optimalpropofolconcentrationdecreasesmoresignificantlywith remifentanilascompared

with otheropioidsandrecoveryis muchfasterthanwhenpropofol is combinedwith other

opioids. For this reason, remifentanilhasspecificadvantagesovertheotheropioids.

Holaset al. (1999) studiedtheuseof remifentanil, propofolor both for conscioussedation

during eye surgeryunder regional anaesthesia. The goal was a sedationlevel at which

patientswerecalmandcomfortablebut obeyedvocal commandsduring theentiresurgical

procedure. When total anaesthesiais not consideredthe drug requirementsare different.

However, they concludedthat the combinationof propofol and remifentanil, provideda

smooth haemodynamicprofile and lacked untoward effects. Therefore, a continuous

infusionof remifentanilwith propofolseemsto bea usefulandcosteffectivetechniquefor

conscioussedationunderregionalanaesthesia. Smithet al. (1997) alsocomparedtheuseof

propofol versusremifentanilfor monitoredanaesthesiacare. However, the propofol group

lackedanalgesiaandtheremifentanilgroupoffereda low sedationlevel andwasassociated

with greaterrespiratorydepression. A combinationof bothdrugsseemsto bepreferable.

Olivier et al. (2000) useda continuousinfusion of remifentanilanda TCI of propofol for

patientsundergoingcardiacsurgery. This combinationresultedin haemodynamicstability

and good postoperativeanalgesia. The optimal infusion rate of propofol when combined

88



_________________________________________________________________________________________________________________________________________________________
Chapter 4: Patients and Drug Pharmacology

with remifentanilis lessthanthatnormallyusedfor maintenanceof anaesthesiawith other

opioids. The major impetus for low-dose propofol administration is decreasingthe

haemodynamiceffectsof this drug(Hogueet al., 1996). This techniqueallowedphysicians

to schedule the time of extubation in patients undergoing cardiac anaesthesia.

Intraoperativelow-dosepropofol associatedwith high-doseremifentanil should promote

rapid awakeningasa resultof the short, context-sensitivehalf-time of thesedrugs(Vuyk,

1997).

The use of this drug combinationwas also studiedfor elective non-cardiacsurgeryby

Pelosiet al. (1999). When combinedwith propofol, remifentanileffectively providedfor

profound analgesiaduring surgery, stable anaestheticconditions, simplicity of use and

predictablerecovery. They concludedthat, for an adequatelevel of anaesthesialow doses

of propofol are adequateif combinedwith remifentanil in a high doserange(0.25-0.5
1 g/kg/min) accordingto noxious stimulation; if signs of light anaesthesiaare recorded,

remifentanilrescuecouldbethefirst choicesolution.

Duceet al. (2000) evaluatedthecombinationof propofolandremifentanilfor shortpainful

proceduresin children. Both drugsweregivenin bolusinjection. This techniquewasfound

simple, effectiveandpredictablefor procedureslastinglessthan10 minutes. Propofoland

remifentanil are a simple alternative to inhalational anaesthesiafor short painful

procedures. Inhalational agentsare associatedwith postoperativenausea, vomiting and

agitation. The techniquewith propofol and remifentanil has a low incidenceof these

side-effects. Anotherstudyin paediatricpatientcanbe found in Grundmannet al. (1998).

They comparedTIVA with propofol and remifentanil versusa desflurane-nitrous oxide

inhalationalanaesthesia. They demonstratedthat a combinationof remifentanil/propofol is

suitablefor children. It is a well-toleratedanaesthesiamethod, which can provide rapid

smoothinductionof anaesthesia, intraoperativehaemodynamicstability, a fast emergence

anda shortpostoperativerecoveryperiod. Keidanet al. (2001) studiedtheeffectof adding

remifentanil to propofol anaesthesiain children. Remifentanil resultedin: a lower total

amountof propofol to preventpatientmovement; a lower time interval to eyeopening; an

improvementin the conditionsduring the procedure; fewer movementsin responseto the

insertion of the aspiration needle and required significant fewer additional dosesof

propofol; anda significantlyhigherdecreasein HR.

Thereareseveralstudiesevaluatingtheeffectsof this combinationof drugsasmeasuredby

the BIS. Hoymork et al. (2001) evaluatedthe accuracyof TCI systemsfor propofol and

remifentanilin a clinical surgicalsetting, with thesetwo drugsastheonly anaestheticsused
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for hypnosisandanalgesia. BIS wasnot sensitiveenoughfor evaluatingdrugeffectsto pick

out patientswith deviatingdrug concentrationat the deeplevel of anaesthesia. Therewas

no correlationbetweenmeasuredplasmaconcentrationsandBIS, for bothdrugs. Thesame

conclusionwasreachedin a previousstudywhenmeasuringserumdrug levels(Hoymork

et al., 1999). BIS registrationwasnot ableto pick-out patientswith highly deviatingserum

levelsfrom theothers. Otherresearchers, suchasFinianoset al. (1999a, b) andHanset al.

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

effect-siteconcentrationsof thehypnoticpropofol. This is not surprising, sinceremifentanil

potentiates propofol and the level of unconsciousnessis different when different

concentrationsof remifentanilareusedwith thesameconcentrationof propofol.

Philip et al. (1997) comparedremifentanil with alfentanil for ambulatorysurgeryusing

propofol for TIVA . Remifentanilusedwith propofolwaseffectiveastheprimaryopioid in

TIVA . In this study, remifentanil provided better intraoperativehaemodynamicstability

thanalfentanil, becauseremifentanilwasdosedto higherlevelsof opioid. For ambulatory

patients, short-actingdrugsareneededfor TIVA soasnot to delayrecovery.

O’Hare et al. (2001) examinedrecovery with the use of remifentanil to supplement

anaesthesiamaintainedwith differentpreselectedtargetplasmaconcentrationsof propofol.

The results showed that adequateanaesthesiacould be maintainedby using different

proportionsof thehypnoticandtheopioid. It wasalsoevidentthat theuseof a short-acting

opioid, whengiven at a higherdoseresultsin a morerapid, early recovery. Regardlessof

the durationof infusion, the decreasein remifentanilplasmaconcentrationto 50% hasa

time of 3.6 minutes. This characteristicallows uncomplicatedchangesin infusion rates

with rapideffect, makingremifentanilanidealadjunctivefor i.v. anaesthesia. Theseresults

arealsosupportedby Papilaset al. (1999).

The interactionof the remifentanilandpropofoldosesrequiredto preventpatientresponse

during surgery was studied in patientsundergoingarthroscopicsurgery with a median

anaesthesiaduration of 1 hour by Peacockand Philip (1999). They concluded that

remifentanilcanbeadministeredin comparativelylargerdosesastheopioid componentof

ambulatoryanaesthesia, which will reducepatient’s responsesto surgerybut will not delay

recovery. Remifentanilis alsoappropriateto usefor patientsor proceduresthat requirea

brief, variable, or rapidly terminatingintenseopioideffect.

Spaceprohibits mentioningall other researchesin this areabut the following are worth

mentioning: Doyle et al., 2001; Fragenand Fitzgerald, 2000; Haughton et al., 1999;
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Kazmaieret al., 2000; Milne andKenny, 1999; Peacocket al., 1998; Twerskyet al., 2000.

4.7 Summary

Generalanaesthesiawith intravenousdrugs, is gainingincreasingacceptancebecauseof the

availability of short-acting hypnoticsand opioids and improved infusion systems. With

TIVA , the analgesicandhypnoticcomponentsof anaesthesiacanbe titratedseparatelyto

controlDOA despitechangingsurgicalstimulus.

The hypnotic propofol is the most suitable intravenousanaestheticagent, and it is

frequentlyusedin combinationwith syntheticopioids. The introductionof remifentanil, an

ultra short-acting opioid with a rapid onset and offset of action, leads to more stable

operatingconditions. Remifentanilpotentiatestheeffectsof propofol, i.e. a decreasein the

haemodynamicparametersand depressionof the CNS, which is reflected in the AEP.

Therefore, whencombinedwith remifentaniltheadequatepropofolconcentrationis largely

reduced. The use of remifentanil provides a faster recovery without side effects (e.g.

nausea), enhancingthe quality of anaesthesia. Due to its potency, remifentanilprovidesan

adequateanalgesiaandwasprovedto besuitablefor varioustypesof surgery, from cardiac

surgeryto shortinterventionsneedingonly regionalanaesthesia, in adultsor in children.

Thecombinationof propofolandremifentanilis becomingmorepopularwith anaesthetists.

However, thestudyof thepharmacodynamicinteractionof thesetwo drugsis necessaryso

as to assurean adequateDOA level and pain relief. Remifentanil has a synergistic

interactionwith propofol andthis canbe usedto an advantage, which is titrating propofol

to lower infusion rates and speedingup recovery. However, special care is necessary

becauseif propofol is usedto achievehigh concentrations, thesimultaneousadministration

of remifentanil will increasedrastically propofol side effects, leading to situationsof

bradycardiaor hypotension. It is of major importanceto considerthe pharmacodynamic

interactionof thetwo drugs.

Drug interactionscan interfere with the anaestheticconditions and patient safety. The

anaesthetistshould be awareof theseinteractionsand use this information to combine

properlytheinfusiondosesof bothdrugs.

Generalanaesthesiatechniquescould takeadvantageof the pharmacodynamicinteraction

betweenthehypnoticandtheopioid to determinetheoptimal infusionprofiles, controlling
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the amount of drug administered based on the level of DOA, and also on the

haemodynamicparameters. Theseparameterscanbe usedto obtainsimulationmodelsfor

the effectsof the drug combination(propofol/remifentanil). The modellingof the patient’s

vital signs, basedon the interactionof thesedrugswill bediscussedin thenext chapter. In

addition, effectconcentrationswill beusedto modeltheeffectof thetwo drugs. Theeffect

concentrationgovernsthe drug effects, sinceit is in the effect site that the drug exertsits

action.
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Chapter 5

A Hybrid Patient Model

5.1 Introduction

A patient model is necessaryto construct and test a closed-loop control system in

anaesthesiaprior to anytransferof thedesignto theoperatingtheatre. In Chapter3, a fuzzy

relationalclassifier(FRC) for depthof anaesthesia(DOA) waspresented. The FRC usesa

setof waveletextractedauditoryevokedpotentials(AEP) features, andthe cardiovascular

parameterschangeof heartrate(
�

HR) andchangeof systolicarterialpressure(
�

SAP), to

classifyDOA into five different levels. This setof parametersis consideredto betheeffect

of thecombinationof thetwo drugsused(i.e. propofolandremifentanil) andof thesurgical

stimulus.

The next step is to model the
�

HR,
�

SAP and the AEP featuresusing the drug effect

concentrationsandthesurgicalstimuluslevel. Theeffectconcentrationsareobtainedusing

the pharmacokineticcompartmentalmodels combinedwith an effect compartment, as

explainedin Chapter4. The objectiveof this exerciseis to model the pharmacodynamic

propertiesof bothdrugsandtheinteractionsbetweenthem.

Overall, the patient model includesthe pharmacokineticcompartmentalmodelsof both

drugs, and a pharmacodynamicmodel constitutedby the effect compartmentand by a

model describing the relationship betweenthe effect concentrationsand the different

effects. Furthermore, the patientmodel is different consideringthe two main phasesof a

surgicalprocedure, i.e. inductionandmaintenanceof anaesthesia. Thesetwo phasespresent

different characteristics, not just in the amountof drug used, but also in the degreeof

stimulus. The absenceof stimulus in the induction phase(exceptintubation) affects the

pharmacodynamicinteraction between propofol and remifentanil (Chapter 4). In the
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maintenancephase, the surgicalstimulusis a continuousevent, from incision until suture,

with differentdegreesof intensity.

The inductionphasewasconsideredto be the initial 1500 seconds(25 minutes), whenthe

patientis still in the anaestheticroom. The maintenancephasewasconsideredto be from

1500 seconds(assumingthat thepatientis stableandis alreadyin theoperatingroom) until

theinfusionof propofolstopsandrecoverybegins. In this project, therecoveryphaseis not

considered, sincethemajorobjectiveis thecontrolof DOA usinga combinationof thetwo

drugs. In the recoveryphase, the infusion of both drugsis usuallystoppedandthereis no

control, however, this drugcombinationis notoriousfor providinga rapidrecovery.

This chapter presentsthe different pharmacodynamicmodels for the induction and

maintenance phase, considering � HR, � SAP and the AEP features. The effect

concentrationsof the two drugs are usedto model the pharmacodynamicinteractionof

remifentanil and propofol on the cardiovascularparameters, and on the AEP. Fuzzy

Takagi-Sugeno-Kang (TSK) modelsareusedin the maintenancephase, which aretrained

using the Adaptive Network-Based Fuzzy Inference System (ANFIS). In addition, a

stimulusmodelis usedto establishtheeffectsof thesurgicalstimuluson thecardiovascular

parameters, accordingto the level of analgesia. This stimulusmodel is constructedinto a

Mamdanitypefuzzy model, usingtheanaesthetistknowledgedescribedby fuzzy IF-THEN

rules.

The hybrid patient model is constructedusing the data from one surgical intervention

(patientPat1). This modelrepresentsa typical procedureusingthecombinationof propofol

andremifentanil. The limited amountof dataavailable, restrictsthe choiceof modelsand

thepossibilityof a widergeneralization.

5.2 Patient Data

The data from patient Pat1 were used to obtain the pharmacodynamicpatient models.

Thesedataweregatheredduringa surgicalprocedurelasting9685 seconds, approximately

2 hours, 41 minutesand25 seconds. The infusion profiles of both drugsweredetermined

by the anaesthetist, accordingto his experienceand the natureof the surgical stimulus

presentat thetime. Figure5-1 showstheinfusionprofilesfor propofolandremifentanil.
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Figure5-1: Remifentanilandpropofolinfusionrateprofilesusedin thesurgicalprocedureof patient
Pat1.

Figure5-2: Propofolplasma(Cp) andeffect(Ce) concentrationsobtainedfrom theinfusionprofile used
in thesurgicalprocedureof patientPat1 (Figure5-1).

Theplasmaconcentrationof bothdrugswasobtainedusingthe infusionratesin Figure5-1

and the pharmacokineticcompartmentalmodelsdescribedin Chapter4, with the mean

populationpharmacokineticparameters. The effect compartmentwasusedto establishthe

effect concentration of propofol and remifentanil, using the parameter ke0. The
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pharmacokinetic interactions of the two drugs were not studied. Therefore, the

concentrationsof propofolandremifentanilaredeterminedseparately. Figures5-2 and5-3

showtheplasmaandeffectconcentrationsfor propofolandremifentanil, respectively.

Figure5-3: Remifentanilplasma(Cp) andeffect(Ce) concentrationsobtainedfrom theinfusionprofile
usedin thesurgicalprocedureof patientPat1 (Figure5-1).

Figure5-4: Cardiovascularparameters, � SAPand � HR, recordedduringthesurgicalprocedureof
patientPat1.

96



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

The effect concentrationsof remifentanilandpropofol will be usedto model the effect of

both drugson the cardiovascularparameters, � SAP and � HR and on the AEP features.

Figure5-4 showsthe parameters� SAP and � HR recordedduring the surgicalprocedure

with patientPat1. TheSAPandHR baselineswere130 mmHgand90 bpmrespectively.

Figure5-5: AEP featureD5. Figure5-6: AEP featureD51.

Figure5-7: AEP featureD52. Figure5-8: AEP featureD4.

Figure5-9: AEP featureD3. Figure5-10: AEP featureD31.
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Figure5-11: AEP featureD32. Figure5-12: AEP featureD33.

Figure5-13: AEP featureD2. Figure5-14: AEP featureD1.

The ten waveletextractedAEP features, D5, D51, D52, D4, D3, D31, D32, D33, D2 and

D1, wereobtainedfrom theAEP sweepsrecorded(204 sweepsin total) duringthesurgical

procedure, and are presentedin Figures5-5 to 5-14. Analysing the figures, the different

characteristicsof the severalAEP featuresare clear; they representdifferent frequency

bandsand carry different information. However, someof them presenta similar profile,

speciallywhencomparingthelow frequencycomponentsto thehigh frequency, e.g. D2 and

D1 with D5 andD4.

The DOA profile for patient Pat1 is presentedin Figure 5-15, as classified by the

anaesthetistduring the intervention. This is basedon the anaesthetistexperienceand the

observedclinical signs.

The data gatheredin the operatingtheatreare usedto model the different parameters,

consideringtheinductionandmaintenancephaseof anaesthesia. Thedatafrom patientPat1

are usedto train and test the different pharmacodynamicmodels, presentedin the next

sections. The final patient model describesa typical surgical intervention with the

combination of propofol and remifentanil. This model will be used in Chapter 6, to
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substitutethepatientwhensimulatinga closed-loopcontrolsystemfor DOA.

Figure5-15: Depthof anaesthesia(DOA) asclassifiedby theanaesthetist, for PatientPat1.

5.3 Induction-Phase Model

The surgicalprocedureis divided into induction and maintenancephases. The induction

phasewasestablishedasbeingthefirst 1500 seconds(25 minutes) of thewholeprocedure.

This is usuallythetime spendby thepatientin theanaestheticroom, wheretheinductionof

anaesthesiaandtheintubationof thepatienttakesplace.

During inductionof anaesthesia, high effect concentrationsof the hypnoticaretargeted. A

rapid intravenousbolusinjectionor a continuousinfusionof a high dosefor a limited short

time areusuallyused. Depthof anaesthesiaincreasesrapidly causinglossof consciousness,

andthendecreasesasthehypnoticconcentrationdeclines.

The rapidly changingconcentrationsduring inductioncausea correspondingfluctuationin

the degreeof CNS depression. The CNS depressionlagsbehindthe plasmaconcentration,

representedby hyteresison curves plotting the effect against the concentrations. The

non-steady-stateconditionsproducedby rapidadministrationof a drug, makeassessmentof

the relationshipof the drug concentrationand DOA difficult , if not impossible(Stanski,

1994).

TheAEP latencyappearserraticat the inductionof anaesthesia, sincethecalibrationof the

AEPwaveformin anawakepatientis difficult in thetime availablein theanaestheticroom.

In addition, theincreasein latencyat inductionof anaesthesiais followed by a decreasedue

to intubationof the trachea, which causesa stressresponsemanifestedby an increasein
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bloodpressureanda decreasein latency(Allen andSmith, 2001).

The AEP signal is not normally usedfor the monitoring of DOA during the induction of

anaesthesia. However, immediatelyafter inductionof anaesthesiaand 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 inductionandduring maintenanceof anaesthesia. For thesereasons,

theAEPwill not beusedduringtheinductionphase. Thepatientmodelwill only reflectthe

changesin SAPandHR duringthis phase.

Induction agents, such as propofol, show a much strongerinteractionwith opioids for

suppressionof responsesintraoperatively, comparedwith theminor interactionseenduring

the induction of anaesthesia(Vuyk, 1998). In addition, severalresearchersstatedthat the

influenceof remifentanilon the haemodynamicparametersduring the induction phaseis

reflectedon the responseto intubation, the only strongstimulusduring induction(Cafiero

et al., 2000; Casatiet al., 2001; GrewalandSamsoon, 2001; Jooet al., 2001; McGregoret

al., 1998; Songet al., 1999).

Significanthaemodynamicchangesareassociatedto trachealintubation. This responseis

attenuatedby the useof opioidssuchasremifentanil(Alexanderet al., 1999a; Lee et al.,

2001). The effect of different dosesof remifentanil on the cardiovascularresponseto

intubation, hasbeenthe focusof severalresearches(Grantet al., 1998; Hall et al., 2000).

Remifentanil prevents the movement and the increasesin haemodynamicvariables

associatedwith intubationis a concentrationdependentfashion. Remifentanilhasa more

significant reductionin the increasesof MAP andHR after intubationcomparedto other

opioids(Guignardet al., 2000; Thompsonet al., 1998).

The induction phase patient model is presented in Figure 5-16, including the

pharmacokineticandpharmacodynamicmodels. Section5.3.1 showshow � SAP and � HR

can be modelledusing the propofol effect concentration, and Section5.3.2 presentsthe

effectof intubationon thecardiovascularparametersandtheactionof remifentanil.
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Figure5-16: Block diagramof theinductionphasemodel. Prop_Cp andRemi_Cp aretheplasma
concentrationsof propofolandremifentanil, respectively, whereasProp_Ce andRemi_Ce aretheeffect

concentrations.

5.3.1 Cardiovascular Parameters

The cardiovascularparameters� SAP and � HR were modelledusing a set of data from

patientPat1. The datasetusedis presentedin Figure5-17 andrepresentsthe time period

from 2018 secondsto 6576 seconds(termedGroup1). During this time, the remifentanil

infusionrateandeffectconcentrationwereconstants(Figures5-1 and5-3). Therefore, only

theeffectof thechangesin propofolinfusionrateareconsidered.

Figure5-17: Propofolinfusionrateandeffectconcentration, of thetimeperiodin Group1.

A Hill equationmodel(describedby Sheineret al. (1979)) wasusedto modeltheinfluence

of propofolon � SAPand � HR. TheHill equationusedis of theform:
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Effect � Emax
Ce�

Ce� � Cp50

	 5-1

whereEmax, 
 and Cp50 are constants, Ce is the propofol effect concentration, and Effect

represents� SAPor � HR.

The Nonlinear Control Design (NCD) MATLAB Toolbox was used to optimize the

parametersof Equation5-1. The NCD is a time-domain-baseoptimization approachto

systemdesign. It automaticallyconvertstime-domainconstraintsand time responsesinto

an optimization problem, and then solves the problem using a gradientmethodwith a

modified line-search algorithm. Successive simulations and sequence quadratic

programmingsolve the optimizationproblem. Monte Carlo methodscan also be usedto

increasethesystemrobustness.

ThedifferencebetweentheHill equationvalueandtheactualeffect( � SAPor � HR) during

thetime periodof thedatasetwasusedasthesignalto beconstraintto a minimum(ideally

zero). TheparametersEmax, 
 andCp50 wereautomaticallytunedbasedon theperformance

constraint. Severalsimulationswereperformedwith differentinitial values, uncertaintyand

error margins, so as to obtain the bestapproximationto the valuesof � SAP and � HR of

patientPat1, usingthespecifieddataset(Group1, Figure5-17).

5.3.1.1 Systolic Arterial Pressure

After several interactive optimizations, the NCD allowed the following values to be

obtained

Emax � 
 69.61� � 3.18
Cp50

� 2999.4

Thereforethe � SAPHill equationmodelis:

� SAPmodel
� 
 69.61 Ce

3.18

Ce
3.18 � 2999.43.18 5-2

whereCe is thepropofoleffectconcentration.

Themodelresultson thetrainingdataset(Group1) arepresentedin Figure5-18. Themean

absoluteerror of the model was of 3.37 mmHg, this low value representsa reasonable

model approximation. This set of parameterscaptureswell the � SAP changes. However,

the value of SAP is not the result of the drug effect only, but surgical stimulus is also
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responsiblefor the SAP variations. Therefore, a modelusingonly the effect concentration

of thedrugwill not reproducethedataexactly.

Equation5-2 was applied to the data of the induction phaseand the result is shown in

Figure5-19. Themodelhasa reasonableperformancewhenmodellingtheinductionphase.

This result shows that the propofol effect concentrationis sufficient to describethe

behaviour of � SAP during the induction phase. The high � SAP values (peaks) at

approximately810 secondsand1025 secondswerecausedby trachealintubation.

Figure5-18: � SAPfrom patientPat1 (*) andtheresultof theHill equationmodel(solid line),
consideringthedataof Group1.

Figure5-19: � SAPfrom patientPat1 (solid line) and � SAPfrom theHill equationmodel(dashedline),
consideringtheinductionphase.
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5.3.1.2 Heart Rate

The optimizedparametersof Equation5-1, whenconsidering� HR, whereestablishedby

theNCD blocksetas:

Emax � � 40.91� � 1.84
Cp50 � 2990.8

Thereforethe � HR Hill equationmodelis:

� HRmodel � � 40.91 Ce
1.84

Ce
1.84 � 2990.81.84 5-3

whereCe is thepropofoleffectconcentration.

Figure5-20: � SAPfrom patientPat1 (*) andtheresultof theHill equationmodel(solid line),
consideringthedataof Group1.

Figure5-20 showsthe modelresultsandthe � HR of patientPat1, consideringthe dataset

Group1. The meanabsoluteerror of the model for this setof datawasof 3.66 bpm. The

reasonablemodelapproximationand low error, showthat the Hill equationis suitableto

modeltheeffectof propofolon the � HR, whenremifentanilis keptat a constantlevel.

The Hill equationmodelof Equation5-3 wasappliedto the inductionphasedata, andthe

result is presentedin Figure 5-21. The model of � HR has an acceptableperformance,

representingthe � HR trendduringtheinductionphase.

Propofolhasa depressiveeffect on both � HR and � SAP, andthis is reflectedwhenusing

the Hill equation models. However, it is necessaryto note that the pharmacokinetic

parametersand the ke0 value used to model the plasma and effect concentrationsof

propofol are meanpopulationvalues. Therefore, it is expectedthat small changesmay

occur betweenthe modelledconcentrationsand the real concentrationsthat lead to the
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observedeffect (� SAP or � HR). The plasmapropofol concentrationwas not measured,

therefore, themodelresultsarethebestavailableapproximation.

Figure5-21: � HR from patientPat1 (solid line) and � HR from theHill equationmodel(dashedline),
consideringtheinductionphase.

The peak in � HR present in the patient data (Figure 5-21) was diagnosedby the

anaesthetistas being relatedto intubation. The haemodynamicresponseto intubation is

morepredominantin thebloodpressurethanin theheartrate, this is discussedin detail in

thefollowing subsection.

5.3.2 Remifentanil and the Haemodynamic Response to Intubation

Remifentanilinteractswith propofol in the presenceof surgicalstimulus. However, in the

induction phasethe only stimuluswas trachealintubation. This is a very strongstimulus

which is associatedwith haemodynamicchanges. Opioid drugsareadministeredat thetime

of induction of anaesthesiain an attempt to attenuatethe cardiovascularresponseto

intubation.

Guignardet al. (2000) reportedthat remifentanilattenuatedor abolishedincreasesin MAP

andHR after intubationin a comparabledose-dependentfashion. Thompsonet al. (1998)

also assessedthe effect of remifentanil on the � SAP and � HR after intubation. They

reportedthat intubationhadno significanteffecton HR in theremifentanilgroupsandSAP

increasedsignificantly in all groups, but in the remifentanil groups this increasewas

105



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

quantitativelylessthanwith otheropioids, anddid not exceedpre-inductionvalues.

The influenceof remifentanil in � SAP and � HR could be describedas a function of the

effect concentrationat the time of intubation. Consideringthat the remifentanileffect is

dose/concentrationdependent. In order to obtain the relation betweenremifentanileffect

concentrationand the effect in � SAP and � HR, the data from two researcheswas used

(McAtamneyet al., 1998; O’Hare et al., 1999). Theseresearchesreportedthe effectsof

remifentanilbolusdoseson thehaemodynamicresponsesto trachealintubation.

Figures5-22 and5-23 showthe percentageof changein meanSAP andHR respectively,

comparedwith thebaselinevaluesfor thedatain McAtamneyet al. (1998). Threedifferent

remifentanilbolusdoseswereused: 0.25, 0.5 and1 � g/kg administeredat inductionovera

periodof 30 seconds. Trachealintubationoccurred1 minuteafter induction. A groupof 80

patientswere assignedby randomallocation to one of four treatmentgroups, receiving:

0.25, 0.5 or 1.0 � g/kg of remifentanilor placebo(10 ml 0.9% saline). Analysingthefigures,

it is clear that the major effect is observed1 minute after intubation(i.e. 2 minutesafter

induction). At minute4, theSAPandHR valuesseemto gobackto normalvalues.

Figure5-22: Percentageof changefrom baselinein meanSAP, afterinductionof anaesthesia. Datafrom
McAtamneyet al. (1998). Intubationwasperformed1 minuteafterinduction.
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Figure5-23: Percentageof changefrom baselinein meanHR, afterinductionof anaesthesia. Datafrom
McAtamneyet al. (1998). Intubationwasperformed1 minuteafterinduction.

Figure5-24: Percentageof changefrom baselinein meanSAP, afterinductionof anaesthesia. Datafrom
O’Hareet al. (1999). Intubationwasperformed1 minuteafterinduction.

107



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

Figure5-25: Percentageof changefrom baselinein meanHR, afterinductionof anaesthesia. Datafrom
O’Hareet al. (1999). Intubationwasperformed1 minuteafterinduction.

Figures5-24 and5-25 showthe percentageof changein meanSAP andHR respectively,

comparedwith baselinevaluesfor thedatain O’Hareet al. (1999). Thesameprofile asin

McAtamney et al. (1998) was usedby O’Hare et al. (1999). However, the remifentanil

bolusdosesusedwere0.5, 1 and1.25 � g/kg. The samenumberof patientswasanalysed

(i.e. 80 patients) consideringfour differentgroups, the threedifferentdosesof remifentanil

anda salinegroup. In this study, theyconcludedthattheremifentanildoseof 0.5 � g/kg was

ineffectivein controlling the increasein HR andarterialpressureafter intubationbut the1

and1.25 � g/kg doseswereeffectivein controllingtheresponse.

Remifentanilseemsto havea possiblelineardose/effect relationshipwhenconsideringthe

SAPsignal2 minutesafter induction(1 minuteafter intubation). Thereductionon theSAP

increaseto intubation is notorious. In the saline group there is a changeof 25-30% of

baseline, while in the remifentanilgroupsthereis a smallerincrease. Theamplitudeof the

SAPchangedecreasesastheremifentanildoseincreases. In theremifentanilgroupof 1.25

� g/kg the increasein SAP is minor, in fact the SAP valuesremain below the baseline.

However, theredoesnot seemto bea linear relationbetweendose/effectwhenconsidering

HR. In Figure5-25, thereis a reductionin theHR responseto intubationwhenremifentanil

is usedcomparedwith thesalinegroup, but this reductionis not linear. In orderto establish

a clearrelationshipbetweenremifentanilandhaemodynamiceffect, the remifentanileffect

concentrationswerecalculatedusingthepharmacokineticcompartmentalmodelandeffect

compartmentmodel describedin Chapter4. Tables5-1 and 5-2 show the remifentanil

effect concentrationfor all the time samplesand dataof McAtamneyet al. (1998) and a
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O’Hareet al. (1999), respectively.

Table5-1: Remifentanileffectconcentration(ng/ml) for thedatain McAtamneyet al. (1998). In the
following order: at baseline, pos-induction, pre-intubation, 1 to 5 minutesafterintubation.

Group baseline pos-ind. pre-int. 1 min 2 min 3 min 4 min 5 min

0.25 � g/kg 0 0.3416 0.9739 1.1062 0.8301 0.5698 0.3949 0.2893

0.5 � g/kg 0 0.6833 1.9478 2.2123 1.6603 1.1396 0.7897 0.5785

1 � g/kg 0 1.3665 3.8955 4.4247 3.3206 2.2792 1.5794 1.157

Table5-2: Remifentanileffectconcentration(ng/ml) for thedatain O’Hareet al. (1999). In thefollowing
order: at baseline, pos-induction, pre-intubation, 1 to 5 minutesafterintubation.

Group baseline pos-ind. pre-int. 1 min 2 min 3 min 4 min 5 min

0.5 � g/kg 0 0.6833 1.9478 2.2123 1.6603 1.1396 0.7897 0.5785

1 � g/kg 0 1.3665 3.8955 4.4247 3.3206 2.2792 1.5794 1.157

1.25 � g/kg 0 1.7081 4.8694 5.5308 4.1507 2.849 1.9743 1.4463

In this research, the effect concentrationof remifentanil is in the range0-10 ng/ml, in

accordancewith the anaesthetistand the drug profile used (remifentanil/propofol).

Alexanderet al. (1999b) reportedthat a remifentanileffect concentrationof 12 ng/ml at 1

minute after intubation (bolus dosesof 3 � g/kg at induction) block the haemodynamic

changesto intubation. This valueof 12 ng/ml will be usedasthe limit of the remifentanil

effectconcentrations, sinceit is knownthatthereis a ceilingeffect.

TheO’Hareet al. (1999) datafor thebolusdosesof 0.5, 1 and1.25 � g/kg andsalinegroup

(i.e. zeroeffect concentrationof remifentanil), and the information from Alexanderet al.

(1999b) (i.e. at a concentrationof 12 ng/ml thereis 0% of effect) wereusedto describedthe

relationshipbetweeneffect concentrationandpercentageof changein SAP andHR from

intubationtime to 1 minuteafter intubation. A 1st and2nd orderpolynomialswerefitted to

thedatausingtheleast-squaresmethod.

Figures5-26 and5-27 showthe percentagechangein SAP andHR , respectively, versus

theremifentanileffectconcentrationat 1 minuteafter intubation. The2nd orderpolynomial

approximation(solid line) has a better fit to the data from both variables. It seemsto

capturethe ceiling effect in remifentanilandpresentsa smallererror. The relationshipfor

HR is not so clear as for SAP, and the 1st and 2nd order polynomials have poorer

approximations. Nevertheless, consideringthepatientvariability andsmallerchangein HR

values, the2nd orderpolynomialwasconsideredto bereasonable.
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Figure5-26: Percentageof changein SAPandtheremifentanileffectconcentrationat 1 minuteafter
intubation: 1st orderpolynomial(dashedline); 2ndorderpolynomial(solid line); (*) datafrom O’Hareet

al. (1999) andAlexanderet al. (1999b).

Figure5-27: Percentageof changein HR andtheremifentanileffectconcentrationat 1 minuteafter
intubation: 1st orderpolynomial(dashedline); 2ndorderpolynomial(solid line); (*) datafrom O’Hareet

al. (1999) andAlexanderet al. (1999b).

Comparingwith the1st orderpolynomials, the2nd otherpolynomialsgavesmallererrorand

a betterfitnessto theoveralldata. Theexpressionsfor thesefunctionsareasfollows:

� SAP

% Change(SAP) � 0.1346Ce
2 � 3.6388Ce  24.3267 5-4

110



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

! HR

% Change(HR)" 0.029Ce
2 # 1.0787Ce $ 8.458 5-5

whereCe is the remifentanileffect concentration. The abovefunctionsrepresentthe effect

of remifentanilon thehaemodynamicchangesat 1 minuteafterintubation. Theinfluenceof

intubation is reflectedduring approximately3 minutes, after which the haemodynamic

parametersreturnto thenormalvalues.

5.4 Maintenance-Phase Model

The maintenancephasestartsat 1500 seconds, after which the patient is stable in the

operatingroomandthesurgicalprocedureis aboutto start.

The interaction betweenpropofol and remifentanil is of crucial importanceduring the

maintenancephase, 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 cardiovascularparameters% HR

and % SAP, andthewaveletextractedAEPfeaturesaretheresultof thedrugsconcentration,

the surgicalstimulusandthe patient’s individual parameters. Therefore, it is necessaryto

usesimultaneouslythe effect concentrationsof both drugs to establishthe effect on the

differentparameters.

Figure 5-28 showsthe block diagramof the proposedmaintenancephasepatientmodel.

Thepharmacodynamicmodelfor themaintenancephase, describingtheeffectof thedrugs

in the body, is divided into two parts. First, Takagi-Sugeno-Kang (TSK) fuzzy modelsare

usedto describetherelationshipbetweentheeffectconcentrationsof bothdrugs(including

thedruginteractions) and % HR, % SAPandtheAEP features. Secondly, a stimulusmodelis

usedto establishthe stimulusperceivedby the patientandits effect on the cardiovascular

parameters. The stimulusmodel is describedin Section5.5. In the following sectionsthe

TSK fuzzymodelswill beexplainedin moredetails.
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Figure5-28: Block diagramof themaintenancephasemodel. Prop_Cp andRemi_Cp aretheplasma
concentrationsof propofolandremifentanil, respectively, whereasProp_Ce andRemi_Ce aretheeffect

concentrations.

Themaintenancephaseof anaesthesiahasdifferentcharacteristicsthaninduction. Thedrug

profiles usedareaimedto maintaina stableDOA level consideringthe surgicalstimulus

present. Beforeautomaticor TCI systems, a steadycontinuousinfusion of anaestheticwas

administeredduring maintenanceof anaesthesia, supplementedwith bolus dosesof the

analgesicwhen required. At the moment, the anaesthetisttargets the propofol plasma

concentrationaccordingto his knowledgeabout the patient’s conditionsand the surgical

procedure. However, when remifentanil is usedthe anaesthetistalso hasto establishthe

adequatedosefor a continuousinfusionof analgesic. In addition, the interactionof thetwo

drugswill alter the requiredamountof eachof them. As studiedby different researchers,

thepresenceof differentdoses, thereforedifferentconcentrations, of remifentanilaltersthe

optimal propofol concentrationto adequatelymaintainDOA (Peacockand Philip, 1999;

Peacocket al., 1998; Vuyk et al., 1997).

Figure5-29 showsa datadensitydiagramfor the combinationof effect concentrationsof

propofol and remifentanil, during the surgicalprocedureof patientPat1 (Figures5-2 and

5-3). Analysingthis graph, it is clearthat theexistentdatais concentratedin 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 obtained in the end of the surgical procedure

(recovery), since there is only a minimal, if any, surgical stimulus. A medium to high

concentrationof remifentanil is usedto provide the analgesiccomponentof anaesthesia,

consideringthecontinuousstimuluspresent. At thesametime, very high concentrationsof

remifentanilwould increasethe effectsof propofol leading to a probableDeep level of
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DOA, andundesiredsideeffects.

Figure5-29: Datadensitygraphfor thedataof patientPat1 (combinationof propofol/remifentanileffect
concentrations).

The propofol effect concentrationduring the maintenancephasedoesnot reachthe same

high valuesusedfor induction (Figure5-2), the maximumvaluedoesnot reachthe 4000

ng/ml. Low effect concentrationsof propofol ( & 2000 ng/ml) are not combinedwith high

remifentanilconcentrations, sincea minimum amountof propofol is requiredthroughout

themaintenancephase, soasto produceunconsciousness. In conclusion, thedatagathered

during the maintenancephasearelimited not only by the existenceof a singlepatient, but

alsoby thespecificanaestheticrequirementsduringthis phaseof theprocedure.

Themaintenancephaseis a very importantphase, if not themostimportant, of anaesthesia.

It is during this time that the surgicalproceduretakesplace. The objectiveis, therefore, to

model the effect of the existent combinations of propofol and remifentanil effect

concentrationson the ' HR, ' SAPandtheAEP features, i.e. on thepatient’s cardiovascular

andCNS.

TheAdaptiveNetwork-BasedFuzzyInferenceSystem(ANFIS) wasusedto constructTSK

models for ' HR, ' SAP and the AEP features(Figure 5-28). The TSK fuzzy system

comprisesof thefollowing rules:

If x1 is C1
l and... andxn is Cn

l , thenfl ( c0
l ) c1

l x1
) . . . ) cn

l xn 5-6
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where Ci
l are fuzzy sets, c j

l are constants, l * 1,. . . ,m, i * 1,. . ,n and j * 0,. . . ,n. The

antecedentpartsof the rulesarethe sameasin the ordinaryfuzzy IF-THEN rules, but the

consequentpartsarelinearfunctionsof theinput variables(seeAppendixB).

Given an input x * + x1, . . . ,xn , T - U . / n, the output f 0 x 1 2 V 3 / of the TSK fuzzy

systemis computedastheweightedaverageof the fl’ s in Equation5-6, i.e.:

f 0 x 1 4
5

l6 1
m

f lw l

7
l 6 1
m

w l
5-7

wheretheweightswl arecomputedas:

wl 8 9
i : 1
n ;

C i
l < x i = 5-8

;
C i

l < x i = aretheinput membershipfunctionsof x i (TakagiandSugeno, 1985). Therefore, the

outputof eachrule is a linear combinationof input variablesplus a constantterm, andthe

final outputis theweightedaverageof eachrule’soutput.

TheANFIS designedby Jang(1993), constructsa TSK FuzzyInferenceSystem(FIS) using

a giveninput/outputdataset. SeeFigure3-12 in Chapter3 for thegeneralANFIS structure

diagram.

The membershipfunction parametersare tuned using a hybrid learning rule, which

combinesthe gradientmethodand the least-squaresestimatorfor fast identification of

parameters(JangandSun, 1995). This allowsthefuzzy systemsto learnfrom thedatathey

aremodelling.

The ANFIS wasbuilt throughthe FuzzyToolbox availablefor MATLAB . The following

propertieswereusedwhenrunningANFIS:

> Subtractiveclusteringwasusedto generatetheinitial FISstructure;
> Gaussianinputmembershipfunctions;
> Hybrid optimizationmethod(i.e. back-propagationgradient-descentandleastsquares

method).

Thesepropertieswere found to provide the bestresultsfor the models. Since, subtractive

clusteringdeterminestheinitial FISbasedon thetrainingdatasetandthenaturalclustersin

it, this methodis deemedto be the safestoption whenno informationis availableso asto

determineadequatelytheinitial FIS, or thedatais not equallydistributedin theinput space

(suchasin this case, Figure5-29).
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TheTSK modelsuseasinput theeffectconcentrationsof remifentanilandpropofolandas

output ? SAP, or ? HR, or one of the AEP features. The availabledatawere divided into

trainingandcheckingdatasets, 2/3 and1/3 of thedatarespectively.

The detailedTSK modelsfor the cardiovascularparametersandthe AEP featureswill be

presentedin thenextsections.

5.4.1 Cardiovascular Parameters

The cardiovascularparameters? HR and ? SAP weremodelledseparately, using the same

ANFIS structure. The available data from patient Pat1 were divided into training and

checkingdatasets. The training datasetshouldrepresentthe featuresof the datathat the

trainedTSK systemis intendedto model. Therefore, the checkingdatasetconsistsof four

different piecesof the data, makingup 1/3 of the total numberof samples, the remaining

samplesare usedas the training dataset. This choiceof checkingand training datasets,

was necessaryto assurethat both setswere balancedand representativeof the data, but

distinct.

5.4.1.1 Systolic Arterial Pressure

Figure5-30 showstheinput membershipfunctionsfor theeffectconcentrationsof propofol

andremifentanilof thetrainedTSK modelfor ? SAP.

a) b)
Figure5-30: Inputmembershipfunctionsdescribingthepropofoleffectconcentration( a) ) andthe

remifentanileffectconcentration( b) ), for the ? SAPTSK fuzzymodel.

The input membershipfunctionsparameterswere tunedby ANFIS after determiningthe

115



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

initial FIS using subtractiveclustering. Table 5-3 showsthe rule-baseof the @ SAP TSK

model.

Table5-3: Rule-basetablefor thefuzzyTSK modelof @ SAP. RCe is theremifentanileffect
concentration, PCe is thepropofoleffectconcentration. fi is thei outputmembershipfunction,

i A 1,. . . ,5.

PCe RCe

mf1 mf2 mf3 mf4

mf1 f1

mf2 f2

mf3 f3

mf4 f4

mf5 f5

The output membershipfunctions f1, . . . , f5 are static linear functions of the inputs (i.e.

propofol and remifentanileffect concentrations). The tunedoutput membershipfunctions

are:

f1 B 0.0223PCe C 2.0627RCe D 149.7138
f2 B 0.4169PCe D 159.467RCe D 566.9308

f3 B PCe D 78.3RCe D 1418 5-9
f4 B D 0.2486PCe D 74.2046RCe C 832.3579
f5 B D 0.0366PCe D 138.4659RCe C 99.3317

The outputsurfaceof the E SAP TSK fuzzy model is presentedin Figure5-31. The input

spacewasrestrictedto themaintenancephasevalues. Analysingthe figure, onecannotice

that in the areaswhere there are not data (recall Figure 5-29), the TSK model surface

presentsdistortedpeaksor valleys. For example, arounda remifentanileffectconcentration

of 8 ng/ml with a correspondinglow effectconcentrationof propofol, theTSK modelgives

positivesvaluesof E SAP (i.e. SAP is abovebaseline), which wasnot presentin the data

from patient Pat1. It is not expectedthat SAP would raise above baselineduring the

surgicalprocedureundergeneralanaesthesiawith this drugprofile. Thepeakin theoutput

surfaceis due to the non existenceof datain that areaof the input space. ANFIS cannot

modelthe responseto unseendata, therefore, the TSK modelis only valid in the accepted

effectconcentrationrangesfor themaintenancephase. If for anyabnormalreasontheeffect

concentrationsof the two drugswould be outsidethe typical maintenancephaseranges,

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

accurate) modelresponses.
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Figure5-31: Outputsurfacefor F SAPTSK fuzzymodel, consideringthemaintenancephase.

Figure5-32: Resultsof the F SAPTSK fuzzymodelon thetrainingandcheckingdataset(strongsolid
line) and F SAPfrom patientPat1 (solid line), consideringthemaintenancephase.

Theresultsof the F SAPTSK modelon thetrainingandcheckingdatasetsarepresentedin

Figure5-32. Themeanabsoluteerrorson thetrainingandcheckingdatasetswere2.26 and

6.53 mmHg, respectively. As expected, the model hasa reasonableperformanceon the

training dataset with a low error. The resultson the checkingdataset reflect the F SAP

trendandappearto smoothout thedisturbancesdueto stimulus.

Figure5-33 showsthe resultsof the F SAP TSK modelon the whole dataof patientPat1

(i.e. training andcheckingdatasets). The TSK modelreflectsthe F SAP trendin response
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to the effect concentrations. The smooth responsereflects the smooth changesin the

concentrations. Overall, themodelpresentsanacceptableperformance.

Figure5-33: Resultsof the G SAPTSK fuzzymodel(dashedline) and G SAPfrom patientPat1 (solid
line), consideringthemaintenancephase.

5.4.1.2 Heart Rate

The G HR TSK modelwasalsotrainedusing2/3 of thedata. Theremaining1/3 wasusedas

the checkingdataset, which representedfour different piecesof data. Figure5-34 shows

the model input membership functions for the propofol and remifentanil effect

concentrations.

a) b)
Figure5-34: Inputmembershipfunctionsdescribingthepropofoleffectconcentration( a) ) andthe

remifentanileffectconcentration( b) ), for the G HR TSK fuzzymodel.

The G HR TSK modelrule-baseis presentedin Table5-4. Theoutputmembershipfunctions

arethefollowing:

118



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

f1 H I 0.1PCe J 433.6RCe I 2231
f2 H 0.014PCe J 0.1826RCe I 83.1286
f3 H 4.4PCe I 436.7RCe J 1327.4 5-10

f4 H I 0.0502PCe J 58.5949RCe I 72.8725
f5 H I 1.5PCe I 1645.8RCe J 7312.6

Table5-4: Rule-basetablefor thefuzzyTSK modelof K HR. RCe is theremifentanileffect
concentration, PCe is thepropofoleffectconcentration. fi is thei outputmembershipfunction,

i H 1,. . . ,5.

PCe RCe

mf1 mf2 mf3 mf4 mf5

mf1 f1

mf2 f2

mf3 f3

mf4 f4

mf5 f5

Figure5-35 showstheoutputsurfaceof the K HR TSK model, consideringthemaintenance

phase. As in K SAP, theTSK modelsurfacepresentsdistortionsin theareaswherethereare

nodata.

Figure5-35: Outputsurfacefor K HR TSK fuzzymodel, consideringthemaintenancephase.
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Figure5-36: Resultsof the L HR TSK fuzzymodelon thetrainingandcheckingdataset(strongsolid
line) and L HR from patientPat1 (solid line), consideringthemaintenancephase.

Figure 5-36 showsthe resultsof the L HR TSK model on the training and checkingdata

sets. Note that the peak in the L HR at approximately9200 seconds(Figure 5-4) was

removedfrom the training dataset. According to the anaesthetist, this outlier in the data

was causedby an externaldisturbance, and would damagethe modelling procedure. The

meanabsoluteerrors on the training and checkingdata set were of 1.12 and 4.54 bpm

respectively.

Figure5-37: Resultsof the L HR TSK fuzzymodel(dashedline) and L HR from patientPat1 (solid line),
consideringthemaintenancephase.

The L HR modelresultson thewholedataof patientPat1 (trainingpluscheckingdatasets)

are presentedin Figure 5-37. The model reflectsthe trend in L HR and hasa reasonable
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overall performance. Note that the modelsreflect the changesin effect concentrationsand

interactionbetweenthetwo drugs, therefore, thechangesin M HR and M SAPdueto outside

disturbances(including surgicalstimulus) arenot reflectedin the results. For examplethe

deepvalley in M HR at about4200 secondsis not the resultof the drugs, sincethereis no

drasticchangein theeffectconcentrations.

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 geneticalgorithmsoptimization to describe

M SAP and M HR. Thesemodelswereobtainedusingselectedpiecesof the datawherethe

concentrationof oneof thedrugswasconstantandtheothervaried, andviceversa.

The data in Group1 (Section5.3.1, Figure 5-17) were usedto considerthe effect of the

changesin propofol concentration. Thedatain 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

cardiovascularparameterscanbeanalysed(Figures5-2 and5-3).

ConsideringM SAP, thefollowing equationswereobtainedwith theNCD blockset:

N Influenceof propofol(Group1):

M SAPpropofol O 11.2254 P 0.0153PCe 5-11

N Influenceof remifentanil(Group2):

M SAPremifen tanil O P 26.2855 P 1.7622RCe 5-12

wherePCe andRCe arethepropofolandremifentanileffectconcentrations, respectively.

Figure5-38 showsthe resultsof the linear model for M SAPpropofol (Equation5-11) on the

data of Group1. The mean absoluteerror is of 3.93 mmHg, reflecting the reasonable

approximationof themodelto thedatain this group.

Figure5-39 showstheresultsof the linearmodelfor M SAPremifen tanil (Equation5-12) on the

dataof Group2. The meanabsoluteerror is 9.52 mmHg, reflecting the poor results. The

remifentanileffect concentrationdoesnot seemto reflect the M SAP changes, this is not

surprisingsinceremifentanilis usedfor clinical stability, thereforevery small changesin
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Q
SAPareexpected. Accordingto theanaesthetist, remifentanilblockstheresponse(i.e. the

effect), whereaspropofolreflectsthechangesin
Q

SAPand
Q

HR.

Figure5-38:
Q

SAPfrom patientPat1 (*) andtheresultof thelinearmodelfrom Equation5-11 (solid
line), consideringthedataof Group1.

Figure5-39:
Q

SAPfrom patientPat1 (*) andtheresultof thelinearmodelfrom Equation5-12 (solid
line), consideringthedataof Group2.

Considering
Q

HR thefollowing equationswereobtainedwith theNCD blockset:

R Influenceof propofol(Group1):

Q
HRpropofol S T 1.8727 T 0.0061PCe 5-13

R Influenceof remifentanil(Group2):

Q
HRremifen tanil S T 23.3519 U 2.1674RCe 5-14

wherePCe andRCe arethepropofolandremifentanileffectconcentrations, respectively.

Figure 5-40 showsthe resultsof the linear model for
Q

HRpropofol (Equation5-13) on the

data of Group1. The mean absoluteerror is of 3.66 bpm, reflecting the reasonable

approximationof themodelto thedatain this group.

Figure5-41 showsthe resultsof the linear modelfor
Q

HRremifen tanil (Equation5-14) on the

data of Group2. The meanabsoluteerror is 6.47 bpm, reflecting the poor results. The
Q

HRremifen tanil modelresultsarefairly flat, with very small changes. FromFigures5-39 and
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5-41 it appearsthatthetwo effectsarenot linked to thechangesin theeffectconcentrations

of remifentanil.

Figure5-40: V HR from patientPat1 (*) andtheresultof thelinearmodelfrom Equation5-13 (solid line),
consideringthedataof Group1.

Figure5-41: V HR from patientPat1 (*) andtheresultof thelinearmodelfrom Equation5-14 (solid line),
consideringthedataof Group2.

The effectsof the two drugshaveto be accountedfor, whenmodellingthe cardiovascular

parameters. Remifentanilaloneseemsto havelittle influenceon V HR and V SAP, 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 thevaluesof thecardiovascularparameters. Theresultsof

theoptimizationwereasfollows:

V SAP linear W 0.7036V SAPremifen tanil X 0.3945V SAPpropofol 5-15

V HR linear W 0.0575V HRremifen tanil X 0.8453V HRpropofol 5-16

The results of theseoptimized linear models are presentedin Figures 5-42 and 5-43,

consideringV SAP and V HR respectively. The resultsof the linear modelsare compared

with theresultsof theTSK fuzzymodel(describedin theprevioussubsections), andplotted

versusthe data of patientPat1. The objective is to analysethe performanceof the two
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modelswith respectto themaintenancephasedata.

Figure5-42: Y SAPfrom patientPat1 (solid line) andtheresultsof theTSK fuzzymodel(dashedline)
andtheresultsof thelinearmodel(dash-dot line), consideringthemaintenancephase.

Figure5-43: Y HR from patientPat1 (solid line) andtheresultsof theTSK fuzzymodel(dashedline) and
theresultsof thelinearmodel(dash-dot line), consideringthemaintenancephase.

AnalysingFigures5-42 and5-43, it is clear that the two drugsinteract. The linear model

does not perform well, nevertheless, it reflects the relation between the effect
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concentrationsof the drugsand the cardiovascularparameters, assumingthat there is no

interaction betweenthem. The TSK model seemsto capture the synergismbetween

propofol and remifentanil. This is more evident, when consideringthe time period of

7000-8000 seconds. Indeed, the decreasein Z SAP and Z HR is not due to an increasein

propofol concentration. In fact, the propofol effect concentrationis almostconstantduring

this time. Thedepressionin thecardiovascularparametersis associatedwith theincreasein

remifentanilconcentrationwhich potentiatesthe 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 concentrationincreasesthe

depressiveeffectof propofolon thecardiovascularparameters.

In conclusion, ANFIS wasableto optimizethe parametersof the TSK models, leadingto

an adequatedescriptionof the effectsandinteractionof the two drugs. It is importantthat

the model reflectsthe synergisticinteractionbetweenpropofol and remifentanil, to be an

adequaterepresentationof thebody’sbehaviour.

5.4.2 Wavelet Extracted AEP Features

The waveletextractedAEP featureswere modelledusing the sameANFIS structure(i.e.

sameproperties) asthecardiovascularparameters. TenTSK modelswereobtained, onefor

eachof the AEP features, using the propofol and remifentanil effect concentrationsas

inputs. The trainingandcheckingdatasetsare2/3 and1/3 of thewholedata, respectively.

Consideringthecharacteristicsof theAEP features(Figures5-5 to 5-14), thecheckingdata

setis representedby onesamplein everythree. Theapproachusedwith thecardiovascular

parameters, i.e. the checkingdatasetrepresentedby four different piecesof data, wasnot

suitablefor thesetypeof data. TheAEP featuresarea setof spikesandtheydo not reflect

trends. The nature the AEP featuressignal is very different from the cardiovascular

parameters, asreflectedin theAEPfeaturesgraphs(Figures5-5 to 5-14) andFigure5-4.

The AEP featuresD1, D3, D5 andD51 TSK modelswill be presentedin the next sections.

These featureswere selectedto show the models behaviour and details, considering

different frequencyfeatures. TheTSK modelsfor theothersix features, D2, D31, D32, D33,

D4 andD52, wereobtainedin thesamewayandarepresentedin AppendixD.
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5.4.2.1 AEP Feature D1

Figure5-44 showstheinput membershipfunctionsfor theeffectconcentrationsof propofol

andremifentanilof the trainedD1 TSK model. The modelrule-basein presentedin Table

5-5.

a) b)
Figure5-44: Inputmembershipfunctionsdescribingthepropofoleffectconcentration( a) ) andthe

remifentanileffectconcentration( b) ), for theAEP featureD1 TSK fuzzymodel.

Table5-5: Rule-basetablefor thefuzzyTSK modelof theAEP featureD1. RCe is theremifentanil
effectconcentration, PCe is thepropofoleffectconcentration. fi is thei outputmembershipfunction,

i[ 1,. . . ,3.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

Theoutputmembershipfunctionsarethefollowing:

f1 \ 0.0007PCe ] 0.0182RCe ^ 0.4700
f2 \ ] 0.0001PCe ] 0.0294RCe ^ 0.4792 5-17

f3 \ 0.0001PCe ] 0.0504RCe ] 0.0834

TheD1 TSK modeloutputsurfaceis presentedin Figure5-45. Thesurfacepresentsa sharp

decreaseinto negativevaluesin the areaof high remifentanileffect concentrationsversus

low propofol effect concentrations. As explained in the previous sections with the

cardiovascularparameters, this is due to the lack of data in that area. Note that D1

decreasesasthe propofol andthe remifentanileffect concentrationsincrease, showingthe

depressionof the CNS at deeperlevelsof DOA (i.e. higherconcentrationof propofol and
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thesynergisticeffectof remifentanil).

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

anddemonstratesthattherewasnoovertraining.

Figure5-45: Outputsurfaceof theAEP featureD1 TSK fuzzymodel.

Figure5-46: Resultsof theAEP featureD1 TSK fuzzymodelon thetrainingandcheckingdatasets
(dashedline) andtheAEP featureD1 from patientPat1 (solid line), consideringthemaintenancephase.

TheTSK modeldoesnot reflectthehighestspikesin thedata, thereis anincreasein theD1
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valueasa resultof theconcentrations. However, anexternaldisturbance(probablysurgical

stimulus) is affectingthevaluesof D1.

5.4.2.2 AEP Feature D3

Figure5-47 showsthe input membershipfunctionsfor thepropofolandremifentanileffect

concentrationsof the trainedD3 TSK model. The rule-baseof the model is presentedin

Table5-6.

a) b)
Figure5-47: Inputmembershipfunctionsdescribingthepropofoleffectconcentration( a) ) andthe

remifentanileffectconcentration( b) ), for theAEP featureD3 TSK fuzzymodel.

Table5-6: Rule-basetablefor thefuzzyTSK modelof theAEP featureD3. RCe is theremifentanil
effectconcentration, PCe is thepropofoleffectconcentration. fi is thei outputmembershipfunction,

i _ 1,. . . ,3.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

Theoutputmembershipfunctionsarethefollowing:

f1 ` a 0.0021PCe a 0.2615RCe b 6.5268
f2 ` a 0.0006PCe a 0.2793RCe b 4.4771 5-18

f3 ` a 0.001PCe a 0.3518RCe b 3.1850

Figure5-48 showsthe outputsurfaceof the D3 TSK model, consideringthe maintenance

phase. Theshapeof thesurfaceis similar to theonefrom D1, representinga similar trendin

thedatawhentheeffectconcentrationschange.
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The modelwasappliedto the training andcheckingdatasets, the resultsarepresentedin

Figure5-49. Themeanabsoluteerrorsof thetrainingandcheckingdatasetswere0.52 and

0.41, respectively. Oncemorethecheckingerroris smallerthanthetrainingerror.

Figure5-48: Outputsurfaceof theAEP featureD3 TSK fuzzymodel.

Figure5-49: Resultsof theAEP featureD3 TSK fuzzymodelon thetrainingandcheckingdatasets
(dashedline) andtheAEP featureD3 from patientPat1 (solid line), consideringthemaintenancephase.

TheD3 featureappearsto havethesamehigh spikesasfeatureD1. In fact, theoveralldata

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

features.
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5.4.2.3 AEP Feature D5

Figure5-50 showsthe input membershipfunctionsfor thepropofolandremifentanileffect

concentrationsof thetrainedD5 TSK model. Table5-7 presentstherule-baseof themodel.

a) b)
Figure5-50: Inputmembershipfunctionsdescribingthepropofoleffectconcentration( a) ) andthe

remifentanileffectconcentration( b) ), for theAEP featureD5 TSK fuzzymodel.

Table5-7: Rule-basetablefor thefuzzyTSK modelof theAEP featureD5. RCe is theremifentanil
effectconcentration, PCe is thepropofoleffectconcentration. fi is thei outputmembershipfunction,

i c 1,. . . ,4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

Theoutputmembershipfunctionsarethefollowing:

f1 d e 0.0315PCe f 20.2944RCe e 22.7108
f2 d e 0.008PCe f 1.3529RCe f 28.4694

f3 d 0.0906PCe f 19.1609RCe e 349.0115 5-19
f4 d e 0.0179PCe f 9.6614RCe f 20.5424

Figure5-51 showstheoutputsurfaceof theD5 TSK model. Thesurfacepresentsa different

shapethanthepreviousmodels(Figures5-45 and5-48), showingthedifferentnatureof the

AEP feature. There is a distortion in the surfacearound 3000 ng/ml propofol effect

concentrationversuslow remifentanileffect concentrations, this is, oncemore, dueto the

lack of datain thatarea.
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The D5 TSK model was applied to the training and checkingdata sets. The resultsare

presentedin Figure5-52. The meanabsoluteerrorson the training andcheckingdataset

are3.09 and3.41, respectively. In contrastwith theprevioustwo features, theerroron the

checkingdatasetis slightly higherthanon thetrainingdataset.

Figure5-51: Outputsurfaceof theAEP featureD5 TSK fuzzymodel.

Figure5-52: Resultsof theAEP featureD5 TSK fuzzymodelon thetrainingandcheckingdatasets
(dashedline) andtheAEP featureD5 from patientPat1 (solid line), consideringthemaintenancephase.

The high frequencyD5 AEP featureis more oscillatory than the low frequencyfeatures.

AnalysingFigure5-52, onecanseethat the TSK model is capturingthe fluctuationof the

signal. The high spikes in the data are less predominantthan with the low frequency
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features, presentinga smalleramplitudechangecomparedwith therestof thesignal.

5.4.2.4 AEP Feature D51

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

concentrationsof the TSK modelof the AEP featureD51. Table5-8 presentsthe rule-base

of themodel.

a) b)
Figure5-53: Inputmembershipfunctionsdescribingthepropofoleffectconcentration( a) ) andthe

remifentanileffectconcentration( b) ), for theAEP featureD51 TSK fuzzymodel.

Table5-8: Rule-basetablefor thefuzzyTSK modelof theAEP featureD51. RCe is theremifentanil
effectconcentration, PCe is thepropofoleffectconcentration. fi is thei outputmembershipfunction,

i g 1,. . . ,4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

Theoutputmembershipfunctionsarethefollowing:

f1 h i 0.0439PCe i 10.7005RCe j 157.5113
f2 h i 0.0418PCe i 2.2590RCe j 182.4764

f3 h 0.1638PCe j 2.1645RCe i 360.4773 5-20
f4 h 0.0196PCe i 17.4224RCe j 11.3201

In contrastwith the low frequencyfeatures(D1 and D3), the featuresD5 and D51 are

modelled using more rules and membershipfunctions, this may representthe higher

variability of thesefeatures. Figure5-54 showstheoutputsurfaceof theD51 TSK model.
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Theresultsof themodelon thetrainingandcheckingdatasetsarepresentedin Figure5-55.

The mean absoluteerrors were 6.5 and 4.6 on the training and checking data sets,

respectively.

Figure5-54: Outputsurfaceof theAEP featureD51 TSK fuzzymodel.

Figure5-55: Resultsof theAEP featureD51 TSK fuzzymodelon thetrainingandcheckingdatasets
(dashedline) andtheAEP featureD51 from patientPat1 (solid line), consideringthemaintenancephase.

The detailedfeatureD51 is clearly influencedby somefactor, not relatedwith the effect

concentrations. The very sharppeaksat approximately3200 secondsand 4000 seconds

have very high amplitudescomparedwith the rest of the signal. The D51 values are

generallybelow 25, howeverthis disturbancesareof valuesgreaterthan100. As a result,
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themodelis not ableto copewith theseveryhighvalues.

In conclusion, theTSK modelsobtainedfrom thewaveletextractedAEP featuresdescribe

the relationshipbetweenthe effect concentrationsandthe AEP features. The modelshave

differentcharacteristicsaccordingto thehighandlow frequencyfeatures. TheAEPfeatures

areaffectedby otherfactorsbesidestheeffectconcentrations. In general, thesharppeaksin

the AEP featuresare the responsesto surgicalstimulus, this is discussedin detail in the

nextsection.

5.5 Stimulus Model

Surgicalstimulusincreasesthe valueof SAP andHR. Tassorelliet al. (1995) reportedon

the haemodynamicresponsesto stimulation, using a cold-pressortest. Increasesin both

bloodpressureandHR wereobservedthroughoutthe test. Schwenderet al. (1994) reports

changesin HR, SAP and DAP after skin incision as well as sternotomy, with different

anaesthetisedgroups. In addition, Pinerua-Shuhaibar et al. (1999) demonstratedthe

cardiovascularmodulationof painperceptionin humans.

The final valueof thecardiovascularparametersis the resultof theeffectof the two drugs

andof thesurgicalstimuluspresent. Propofolprovidesunconsciousness, while remifentanil

providespain relief. Remifentanilaction can be viewed as a reductionon the patient’s

perceptionof surgical stimulus. In fact, remifentanil effect concentrationdeterminesthe

quality of analgesiaand thereforethe level of stimulus perceivedby the patient. In the

previoussection, theinteractionof propofolandremifentanilwasmodelled, consideringthe

effect on k SAP, k HR andthe AEP features. In this section, the objectiveis to model the

surgical stimulus effect on the cardiovascularparameters, considering the analgesic

componentof anaesthesia(i.e. theremifentanileffectconcentration). Figure5-56 presentsa

diagram illustrating 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. intubation) was analysedaccording to the remifentanil action in

Section5.3.2.

In Figure 5-56, the Fuzzy Model 1 describesthe analgesiccomponentof remifentanil in

reducingthe level of stimulusperceivedby the patient(i.e. the perceivedstimulus). Fuzzy

Model 2 comprisestwo fuzzy modelsdescribingthe effect of the perceivedstimuluson
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SAPandHR, respectively.

ThesurgicalstimulusalsoaffectstheAEP (Thorntonet al., 1988). However, modulationof

sucheffect is an unexploredsubject. The effect of stimulation on the waveletextracted

AEP featureswill bediscussedin Section5.5.4. First, theperceivedstimulusmodelwill be

presented(Fuzzy Model 1 in Figure 5-56). Secondlythe fuzzy model for the changesin

SAPwill bepresented, followed by the fuzzy modelfor HR, usingtheperceivedstimulus.

The overall stimulus model comprisesthree Mamdani type fuzzy modelsbasedon the

anaesthetistknowledgeandpresentedin IF-THEN rules. Detailsof theMamdanitypefuzzy

systemsarepresentedin AppendixB.

Figure5-56: Block diagramof thestimulusmodel.

5.5.1 Perceived Stimulus

ThesurgicalstimulusintensitywasdescribedasZero, Low, MediumandHigh, considering

thefollowing eventsaslabelledby theanaesthetist:

Intubation- high intensitystimulus
Incision- high intensitystimulus

Retractors- high intensitystimulus
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 concentrationwas labelledby the anaesthetistasZero, Low, Medium,

High andVeryHigh.

The surgicalstimulusandthe remifentanileffect concentrationarethe inputs to the fuzzy

model. Theoutputis theperceivedstimulus, obtainedusingtherule-basein Table5-9. The
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perceivedstimulusis labelledZero, VeryLow, Low, MediumandHigh.

Table5-9: Perceivedstimulusfuzzy rule base. Surgicalstimulusl m 0,1n , remifentanileffect
concentrationo p 0,10 ng/mln andperceivedstimulus q p 0,1n .

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

concentrationandsurgicalstimulus, respectively. Figure5-59 showstheperceivedstimulus

membershipfunctions. The output surface of the perceivedstimulus fuzzy model is

presentedin Figure5-60. The centreof gravity defuzzifierwasusedasthe defuzzification

method(detailsof this methodarepresentedin AppendixB).

Figure5-57: Remifentanileffectconcentration(CRemi) membershipfunctions, normalisedbetween0
and1, scalingfactorof 0.1 (0 to 10 ng/ml).
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Figure5-58: Surgicalstimulusmembershipfunctions.

Figure5-59: Perceivedstimulusmembershipfunctions.
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Figure5-60: Perceivedstimulusfuzzymodeloutputsurface. CRemiis theremifentanileffect
concentrationandPStimulusis theperceivedstimulus.

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

completelya low stimulus.

The model output surfacereflects the smoothdecreasein the perceivedstimulus as the

remifentanil concentrationincreases. The stimulus profile presentin the procedureof

patientPat1, waslabelledby theanaesthetistandstoredin a datafile. This file will beused

in the simulation system, Note that during the maintenancephaseof anaesthesiathe

surgicalstimulusis continuous, with differentdegreesof intensity.

The perceivedstimulusmodel was appliedto the dataprofile from patientPat1 (i.e. the

remifentanileffectconcentrationin Figure5-3). Theresultis presentedin Figure5-61. The

surgicalstimulusprofile (solid line) from the datafile wastransformedinto the perceived

stimulus (dashed line) according to the remifentanil effect concentration. Note that

sometimestheperceivedstimulusis slightly abovethesurgicalstimuluswhenit is of very

low intensity. This is due to the defuzzificationmethodused, sincethe centreof gravity

defuzzifierusesthe centreof areaof the triggeredmembershipfunctions, henceproviding

smoother outputs. However, at such low intensity the difference is not significant,

consideringits effect on the cardiovascularparametersandthat the stimulusis continuous
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throughoutthemaintenancephase(i.e. afterincisionuntil suture).

Figure5-61: Surgicalstimulus(solid line) andperceivedstimulus(dashedline) in themaintenancephase,
usingthesurgicalprofile of patientPat1.

5.5.2 Systolic Arterial Pressure

The effect of the perceivedstimuluson the SAP valuesis modelledusingthe anaesthetist

knowledgedescribedby IF-THEN rules. Figure 5-62 presentsthe block diagramfor the

fuzzy model describingthe effect of the perceivedstimulus on SAP. The inputs to the

modelare: PrevSAP, thevalueof SAP(i.e. baselineSAPplus r SAP) from themaintenance

phasemodel describedin Section 5.4 (Figure 5-28); and PerStimulus, the perceived

stimuluslevel obtainedfrom theperceivedstimulusfuzzy modeldescribedin theprevious

section(FuzzyModel1 in Figure5-56).

After consideringthe effect of the perceivedstimulusthe valueof SAP is describedusing

the rule basein Table 5-10, constructedwith the cooperationof the anaesthetist. The

perceivedstimulus was labelled as Zero, Low, Medium and High, according to the

membershipfunctionsof Figure5-63.
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Figure5-62: Block diagramof thefuzzymodeldescribingtheeffectof surgicalstimulusonSAP.

Table5-10: Rulebasefor thenewvalueof SAPafterthestimulus. PrevSAP is thevalueof SAPfrom the
maintenancephasemodel.

Perceived Previous value of SAP (PrevSAP)

Stimulus (PerStimulus) Low Medium High

Zero Low Medium High

Low Low Medium High

Medium Medium High VeryHigh

High High VeryHigh VeryHigh

Figure5-63: Inputmembershipfunctionsdescribingtheperceivedstimulus(PerStimulus).

Thevaluesof thedifferentSAPclassesaredescribedasfollows:

s Situation A: baselineSAP t 130 mmHg

Low: SAP u 70% of baseline;

Medium: SAPbetween70-80% of baseline;
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High: SAP v 80% of baseline.

w Situation B: baselineSAPbetween120-130 mmHg

Low: SAP x 75% of baseline;

Medium: SAPbetween75-85 % of baseline;

High: SAP v 85% of baseline.

w Situation C: baselineSAP x 120 mmHg

Low: SAP x 90 mmHg;

Medium: SAPbetween90-120 mmHg;

High: SAP v 120 mmHg.

This classdivision wasestablishedby the anaesthetistandalsousedby Shieh(1994) and

Linkenset al. (1996b).

Themembershipfunctionsfor thepreviousvalueof SAP(PrevSAP) arepresentedin Figure

5-64, taking into accountSituationsA and B. Thesetwo situationscan be modelled

togetherconsideringa normalizedrangebetween[0,1], andusingdifferent scalingfactors.

In SituationA, theSAPrangeis 50-120% of baselinevalue, andfor SituationB a rangeof

55-125% is considered.

Figure5-64: Inputmembershipfunctionsdescribingthepreviousvalueof SAP(PrevSAP), considering
situationsA andB. Therangeis normalisedbetween[0,1].

After consideringthe perceivedstimuluseffect, the new value of SAP (i.e. output of the

fuzzy system) is labelledLow, Medium, High andVeryHigh accordingto the membership

functionsin Figure5-65, for SituationsA andB. The SAP outputsurfaceis presentedin

141



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

Figure5-66. Thecenterof gravitydefuzzifierwasusedasthedefuzzificationtechnique.

Figure5-65: Outputmembershipfunctionsdescribingthenewvalueof SAP, consideringsituationsA and
B. Therangeis normalisedbetween[0,1].

Figure5-66: Outputsurfacefor SAPfuzzymodel, situationsA andB. PerStimulus is theperceived
stimulusandPrevSAP is thepreviousvalueof SAP.
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Figure5-67: Inputmembershipfunctionsfor thepreviousvalueof SAP(PrevSAP), consideringsituation
C.

SituationC is treatedseparately, sinceit is not expressedin termsof a percentagefrom the

baseline. Figure5-67 showsthe membershipfunctionsfor the previousvalueof SAP, and

Figure 5-68 shows the membershipfunctions of the output value of SAP, considering

Situation C. Note that, the input and output rangesare not normalized, i.e. they are

representedin mmHg. Theoutputsurfacefor SAPis presentedin Figure5-69, considering

SituationC. The outputsurfaceis different from the oneobtainedfor SituationsA andB

(Figure5-66), but reflectsthesamechangetrend.

Figure5-68: Outputmembershipfunctionsfor thenewvalueof SAP, consideringsituationC.
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Figure5-69: Outputsurfacefor SAPfuzzymodel, consideringsituationC. PerStimulus is theperceived
stimulusandPrevSAP is thepreviousvalueof SAP.

The shapeand valuesof the membershipfunctionswere chosenso as to reproducethe

anaesthetistknowledgereflectedin theclassificationof SAP.

The fuzzy modelwasappliedto the resultsof the simulationusingthe maintenancephase

modelfor theprofile of patientPat1. Figure5-70 showstheSAPvaluebeforeandafter the

stimulusmodel, solid anddashedline respectively. Note how the presenceof the stimulus

is affecting the valueof SAP, introducingchangesandpeaksto the smoothoutputof the

maintenancephasemodel.

Figure5-71 showstheobservedSAPfrom patientPat1 (solid line) versusthevalueof SAP

after the stimulus model (dashedline). The resultsof the model including the stimulus

effect havea reasonableapproximationto the observedvalueof SAP. This wasexpected,

since the stimulus level affects the cardiovascularresponses. However, there is a small

delaybetweenthe modelresultsandthe observedSAP. This happensbecausein reality it

takes2-5 minutesfor thestimuluseffect to bereflectedin theSAPvalue; meaningthat the

influenceof thestimulusis not instantaneous. This time-delayhasnot beenincludedin the

SAP model. Therefore, the stimulusmodel respondsimmediatelyto 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

adequateto estimatethe time-delaybasedonly on thedataof a singlepatient, knowing the

highvariability betweenpatients.
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Figure5-70: SAPfrom patientmodelwithoutstimulus(solid line) andSAPafterthestimulusmodel
(dashedline). Theprofile of patientPat1 wasusedfor thesimulation, consideringthemaintenancephase.

Figure5-71: SAPfrom patientPat1 (solid line) andSAPfrom patientmodelincludingthestimulusmodel
(dashedline), in themaintenancephase.
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5.5.3 Heart Rate

The effect of the perceivedstimuluson the HR valuesis modelledusing the anaesthetist

knowledgeby describingthechangein HR usingfuzzy rules. Figure5-72 showstheblock

diagramdescribingthe changein HR asa resultof the perceivedstimulus. PrevHR is the

HR valuefrom the maintenancephasemodel(HR baselineplus y HR); PerStimulus is the

perceivedstimulusvalue. Theeffectof theperceivedstimuluson theHR is describedasa

changein its value. This changein HR is labelledasZero, Little andLargeaccordingto the

anaesthetistopinion. A little changerepresentsa changeof 5% of thepreviousvalue, anda

largechangecould be asbig as10%. Therefore, the valueof HR after the stimulusmodel

will beincreasedby a certainpercentage.

Figure5-72: Block diagramof thefuzzymodeldescribingtheeffectof surgicalstimulusonHR.

Thechangein HR is modelledusingtherule-basein Table5-11, with thepreviousvalueof

HR (PrevHR) andtheperceivedstimulus(PerStimulus) astheinputsof thefuzzymodel.

Table5-11: Rulebasefor thechangein HR afterthestimulus. PrevHR is thevalueof HR from the
maintenancephasemodel.

Perceived Previous value of HR (PrevHR)

Stimulus (PerStimulus) 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 onesused for SAP

(Figure5-63), labelledZero, Low, MediumandHigh. TheHR classvalueswereclassified

by theanaesthetistasfollows:

Low: HR z 70% of baseline;

Medium: HR between70-90% of baseline;

High: HR { 90% of baseline.

The PrevHR membershipfunctionsaccordingto this description, are presentedin Figure

5-73. The HR haslower normal valueswhen using remifentanil than with other opioids,

due to its depressiveeffect. This was takeninto considerationwhen establishingthe HR

ranges. Notethatin Figure5-73 theHR rangerepresents50-110% of baseline.

Figure5-73: Inputmembershipfunctionsdescribingthepreviousvalueof HR (PrevHR).

Figure5-74 showsthe outputmembershipfunctionsfor the changein HR. The changein

HR is presentedasa percentageof thepreviousvalue(i.e. PrevHR). Theoutputsurfacefor

thechangein HR fuzzy modelis presentedin Figure5-75. Thecenterof gravity defuzzifier

wasusedasthedefuzzificationmethod.
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Figure5-74: Outputmembershipfunctionsfor thechangein HR (effectof stimulus). Therangeof 0-10
represents0-10% change.

Figure5-75: Outputsurfacefor thechangein HR fuzzymodel. PerStimulus is theperceivedstimulusand
PrevHR is thepreviousvalueof HR from themaintenancephasemodel.

The describedfuzzy model was applied to the results of the simulation using the

maintenancephasemodel for the profile of patientPat1. Figure5-76 showsthe HR value

beforethestimulusmodel(solid line) versustheHR afterconsideringthechangeresulting

from the stimulusmodel(dashedline). The HR valuewasincreasedthroughoutdueto the

stimuluseffect. The peaksresultingfrom the stimulusarequantitativelylessthanthe ones

onSAP, whichdemonstratesthatHR is a morestablevariable.
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Figure5-76: HR from patientmodelwithoutstimulus(solid line) andHR afterthestimulusmodel
(dashedline). Theprofile of patientPat1 wasusedfor thesimulation, consideringthemaintenancephase.

Figure5-77: HR from patientPat1 (solid line) andHR from patientmodelincludingthestimulus(dashed
line), in themaintenancephase.

Figure 5-77 showsthe HR observedfor patientPat1 (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

appropriatenessof a stimulusmodel. In addition, theHR modelseemsto beaveraging-out

disturbancesin theHR signal. Whenconsideringthe time periodof 4000 to 6000 seconds,

the model HR is reflecting the HR trend but smoothingthe sharp“valley” in the data.
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Overall, themodelhasanadequateperformance.

The time-delay for HR is different from the one for SAP. It appearsthat the HR reacts

fasterthanSAPto thestimulus. Dueto thesamereasonsasfor SAP, no time-constantwas

includedin theHR model. In contrast, theAEP respondfasterto thestimuluseffect, this is

demonstratedin thefollowing section.

5.5.4 Auditory Evoked Potentials

Thesurgicalstimulusaffectstheauditoryevokedpotentials(AEP) and, hence, thewavelet

extractedAEP features. However, the effect of different surgical stimuli (i.e. different

intensity) is not trivial to analyse. The anaesthetisthasnot enoughknowledgeto describe

this effecton theAEP. Figures5-78 to 5-83 showseveralAEP featuresin contrastwith the

existenceof differentsurgicalstimuli.

Figure5-78: WaveletextractedAEP featureD2 from thedataof patientPat1, consideringthe
maintenancephaseandthedifferentsurgicalstimulus.
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Figure5-79: WaveletextractedAEP featureD1 from thedataof patientPat1, consideringthe
maintenancephase.

Figure5-80: WaveletextractedAEP featureD3 from thedataof patientPat1, consideringthe
maintenancephase.

The low frequencyAEP featuresD2, D1 and D3 presentsimilar changesto the same

stimulus(Figures5-78 to 5-80). Theamplitudeof theAEP featuresresponseto stimulusis

different accordingto the different features, nevertheless, thesefeatures(D2, D1 and D3)

seem to reflect the same trend. The surgical stimulus producesclear peaks, and the

amplitudeof thesepeaksis relatedwith the intensityof the stimulus. The responseof D2

(Figure 5-78) to the useof retractorsis notoriouscomparedwith the responseto a low

stimulussuchasa suture. Whenthesurgicalprocedureis at theendandthepatientstartsto

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

responseto recoveryand to stimulus. This leadsto the conclusionthat surgicalstimulus

couldleadto anarousalof thepatient.

Figures5-81 to 5-83 showsomeof thehigh frequencyAEP features, D5, D51 andD4. The
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effect of surgicalstimulusis different in the low andhigh frequencyAEP features. In the

detailedfeatureD51 (Figure 5-82), is clear the effect of diathermy. In fact, the change

producedby diathermyobscuresall the effectsof otherstimuli, consideringthe amplitude

of thechange.

TheAEPfeaturesD5 andD4 presenta greatervariability duringthesurgicalprocedurethan

the low frequencyfeatures(Figures5-81 and5-83). The effect of the surgicalstimulusis

not easyto detect. For example, the useof retractorsat approximately6500 secondsdoes

not have a great effect on the featureD5, and is not detectedin featuresD51 and D4.

However, this stimulushasa cleareffecton thelow frequencyfeatures.

Figure5-81: WaveletextractedAEP featureD5 from thedataof patientPat1, consideringthe
maintenancephaseandthedifferentsurgicalstimulus.

Figure5-82: WaveletextractedAEP featureD51 from thedataof patientPat1, consideringthe
maintenancephaseandthedifferentsurgicalstimulus.
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Figure5-83: WaveletextractedAEP featureD4 from thedataof patientPat1, consideringthe
maintenancephase.

In conclusion, the AEP featuresreact to stimuluswith an increasein amplitudeand this

appearsto be an instant reaction, i.e. there is no time-delay as was observedwith the

cardiovascularparameters.

The low frequencyAEP features, D1, D2 and D3, show a clear effect of the surgical

stimulus. This couldbeusedto quantifythestimuluseffectif moredatawouldbeavailable,

sincethereareno previousstudieson thesubject, andtheanaesthetistknowledgecannotbe

used. In addition, the remifentanil analgesicaction, when preventing the responseto

surgicalstimulus, is not clearwhenconsideringtheCNS. It is not possibleto comparethese

resultswith experimentswithout theuseof remifentanil, therefore, therelationshipbetween

surgicalstimuluscannotbereasonablymodelled.

Thehigh frequencyAEP features, D4, D5 andD51, arenot affectedby surgicalstimulusin

the sameway as the low frequencyfeatures. The effect of severalstimuli cannot be

identifiedclearly, andthereis no trendbetweentheresponseandthestimulusintensity.

A futurestudyon therelationshipbetweensurgicalstimulus, analgesiaandtheCNS, would

be challengingandpromisingwhenconsideringdatafrom severalpatientsunderdifferent

conditions. In this research, the effect of surgicalstimuluson the AEP featureswill not be

consideredfurther.

153



_________________________________________________________________________________________________________________________________________________________
Chapter 5: A Hybrid Patient Model

5.6 Summary

Theeffectsof theanalgesicandanaestheticdrugson thecardiovascularandcentralnervous

systems, weremodelledusingdifferent techniquesaccordingto the two main phasesof a

surgicalprocedure, i.e. inductionandmaintenance.

The induction phaseof anaesthesiawas modelled using the optimized Hill equation

models, andcharacterizingtheinfluenceof remifentanilon thehaemodynamicresponsesto

intubation. In this phase, only the cardiovascularparameters| HR and | SAP were

modelled, sincetheAEPcannotbemonitoredadequatelyduringinduction.

The maintenancephasewasmodelledusingTSK fuzzy modelswhich were trainedusing

ANFIS. Thesemodelsreflecttheeffectandinteractionof thetwo drugson | SAP, | HR and

the wavelet extractedAEP features. The synergistic interaction 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 responsesof the patient are heavily influencedby the drugs

interaction.

The | SAP and | HR TSK modelswere comparedwith optimized linear models, which

modeltheeffectsof propofolandremifentanilindependently. Theresultsshowthat thereis

a synergisticinteractionbetweenthetwo drugs, which is reflectedin theresultsof theTSK

models.

The TSK modelsperformedadequatelywith all the parameters(i.e. | SAP, | HR and the

AEP features) presentingsmall errors and reflecting the drugs effect. However, these

modelsare only valid in the specifieddrug rangesfor the maintenancephase. The drug

infusionratesduringmaintenanceof anaesthesiafollow a specificprofile, soasto maintain

a stableDOA in thepresenceof surgicalstimulus.

The effect of surgical stimulus on the cardiovascularparameterswas modelled via

Mamdani type fuzzy models, using the anaesthetistknowledgeexpressedwith IF-THEN

rules. First, the stimulus perceivedby the patient was modelled, in order to reflect the

analgesicaction of remifentanil. Finally, the changeon the value of SAP and HR was

modelledsoasto reflecttheeffectof theperceivedstimulus.
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The responseof the AEP featuresto surgicalstimuluswasalsostudied. The AEP features

havedifferentresponsesto thedifferentstimuli, accordingto its natureandintensity. There

is a majordifferencebetweenthebehaviourof thelow frequencyversusthehigh frequency

AEP features. The effect of the stimuluson the AEP featureswasnot modelleddueto the

lack of information and data. In addition, it was found that there is a time-delay in the

cardiovascularresponsesto stimulus, while theAEPfeaturesrespondimmediately.

In conclusion, the patient model is constitutedby an induction phasemodel plus a

maintenancephase model, describing the difference between these two phasesof

anaesthesia. The modelspresentedan adequateperformanceon the training andchecking

datasets, and seemto reflect the effect of the drugsand surgicalstimulus. This patient

modeldescribesa typicalpatient’sbehaviourduringa surgicalprocedure.
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Chapter 6

Fuzzy Control of Depth of Anaesthesia

6.1 Introduction

The infusionrateof theanaestheticdrug is titratedaccordingto thepatient’s requirements,

soasto maintaina certainlevel of depthof anaesthesia(DOA). Thepatient’s clinical signs

and/or brainsignalsareusedby theanaesthetistto determinetheadequateinfusionrate. In

addition, the anaesthetistalsoestablishesthe requiredinfusion rateof the analgesicdrug,

basedon thepatient’s responseto surgicalstimulus.

A closed-loop control systemof DOA will help the anaesthetist, adjustingsimultaneously

the infusion ratesof the anaestheticandanalgesicdrugs. The majority of the researchesin

the areaaremainly concernedwith the automaticcontrol of the anaestheticdrug, whereas

the analgesicis controlled manually by the anaesthetist. However, in this researchthe

objectiveis a multivariablecontrolstructurefor bothdrugs.

Thepatientmodelpresentedin Chapter5, describedadequatelytheeffectsandinteractions

of the two drugsin thepresenceof surgicalstimuli. This modelwill beusedto constructa

controlalgorithmrelatingto theadministrationof bothdrugs. Thestudyof the interactions

betweenpropofol and remifentanil helps to determinethe ideal combinationof infusion

rates. This studywill alsorepresenta practicalguidefor theanaesthetist, which would help

him/her learn how to adjust the amountof drug infusedand henceimprove the patients

comfort.

In this chapter, a multivariablefuzzy controllerwill be developedto establishthe required

infusion ratesof propofol andremifentanil. First, the patientmodelwill be testedusinga

seriesof open-loop simulationswith different infusion profiles. Second, the closed-loop

structure will be presented, showing the links betweenthe patient model, the DOA
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classifier (i.e. the fuzzy relational classifier presentedin Chapter3) and the controller.

Third, a SISO(single-input-single-output) fuzzy PI 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 PI controller are

comparedwith the results of a conventional PI controller. The parametersof both

controllersareoptimizedusinga geneticalgorithm(GA).

Finally, a multivariablefuzzy controller developedwith the anaesthetist’s cooperation, is

presented. This controller establishesthe infusion rates of propofol and remifentanil

simultaneouslybasedon the level of DOA, theconcentrationsof thedrugsandthesurgical

stimuli. Theperformanceof thecontrolleris testedunderdifferentconditions.

6.2 Open-Loop Simulation Results

The patient model developedin Chapter 5 was tested in open-loop simulations with

different infusion profiles for propofol and remifentanil. The open-loop resultswith three

differentinfusionprofilesarepresentedin thefollowing sections.

The simulationswereperformedfor 7200 seconds(120 minutes) with a samplingtime of

30 seconds. The first 1500 secondsrelate to the induction phase, followed by the

maintenancephase. It is worthnotingthattherecoveryphaseis not simulated.

The fuzzy relationalclassifier (FRC) for DOA developedin Chapter3 is applied to the

waveletextractedAEP features, as determinedby the maintenancephasemodel. In the

inductionphase, the FRC usesonly the cardiovascularparameters
�

SAP and
�

HR for the

classificationof DOA, sincetheAEPfeaturesarenot modelledduringthis phase.

6.2.1 Infusion Profile 1

Figure6-1 showsthe infusion rateprofiles for propofol and remifentanilusedin the first

simulation, anddenotedasInfusion Profile 1. The propofol infusion rateis very similar to

the profile of patientPat1, while the remifentanil infusion rate follows a typical profile

duringa surgicalprocedure(i.e. highat inductionandconstantduringmaintenance).
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Figure6-1: Propofolandremifentanilinfusionrateprofiles(InfusionProfile1).

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

compartmentmodel usingmeanpopulationparameters(seeChapter4). As expected, the

effectconcentrationof propofolis similar to thatof patientPat1 (Figure5-2).

Theeffectconcentrationof remifentanilfor this infusionprofile is presentedin Figure6-3.

The constantconcentrationlevel during the maintenancephaseleadsto a steadylevel of

analgesia.

Figure6-2: Propofoleffectconcentrationfor theinfusionrateprofile in Figure6-1.
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Figure6-3: Remifentanileffectconcentrationfor theinfusionrateprofile in Figure6-1.

Figure6-4: Systolicarterialpressure(SAP) andheartrate(HR) asdeterminedby thepatientmodel, using
theinfusionprofilesin Figure6-1.

Figure6-4 showsthe HR and SAP as simulatedby the patientmodel, using the Infusion

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

remifentanileffectconcentration, is presentedin Figure6-5.

The waveletextractedAEP featuresassimulatedby the patientmodelareusedto classify

the DOA level by the FRC during the maintenancephase. The DOA level is shown in

Figure6-6.

The model performsadequately, describingthe effectsof the stimuluslevel on SAP and

HR. The effect concentrationsarewithin the rangesof the maintenancephaseand this is

reflectedin themodel’s response.
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Figure6-5: Surgicalstimulus(solid line) andperceivedstimulus(dashedline) for theremifentanileffect
concentrationin Figure6-3, duringthemaintenancephase.

Figure6-6: Depthof anaesthesia(DOA) asclassifiedby theFuzzyRelationalClassifier(FRC) usingthe
waveletextractedAEP features(InfusionProfile1).

The DOA level as determinedby the FRC cannotbe comparedwith the anaesthetist’s

classification, sincethis is a simulatedinfusion profile. However, the classificationis not

unreasonableasit reflectstheAEPfeaturesfrom 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 notingthat theremifentanilinfusionrateprofile

is the sameas in the previoussimulation(Figure6-1). The propofol infusion rate profile

includesmore changesthan the one usedin the previoussection. Therefore, the model
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responsecanbeanalysedaccordingto thedifferentpropofolchanges.

Figure6-7: Propofolandremifentanilinfusionrateprofiles(InfusionProfile2).

Figure6-8: Propofoleffectconcentrationfor theinfusionrateprofile in Figure6-7.

Figure 6-8 showsthe effect concentrationof propofol, reflecting the changesin infusion

rate. The remifentanil effect concentrationis the sameas in Figure 6-3. Therefore, the

perceivedstimulusis thesameasin Figure6-5, sincethesamesurgicalstimulusprofile is

used.

The cardiovascularparametersSAP and HR are presentedin Figure 6-9. Analysing the

figure, one can seethe first increasein SAP and HR in responseto the decreasein the

propofol effect concentration, and the subsequentdecreasein SAP due to the increasein

concentration. This is alsonoticeableafter6000 seconds, whentheincreasein thepropofol

161



_________________________________________________________________________________________________________________________________________________________
Chapter 6: Fuzzy Control of Depth of Anaesthesia

concentrationleadsto a decreasein the cardiovascularparameters. Therefore, the patient

model reflects the propofol effect concentrationtrend, if one considersthe constant

remifentanileffect concentration. It is alsoworth noting that the different simulationsuse

differentbaselinefor SAPandHR, provingthat themodelis not dependenton thebaseline

valuessinceit uses� values.

The DOA level, as classifiedby the FRC using the modelledAEP features, is shownin

Figure6-10.

Figure6-9: Systolicarterialpressure(SAP) andheartrate(HR) asdeterminedby thepatientmodel, using
theinfusionprofilesin Figure6-7.

Figure6-10: Depthof anaesthesia(DOA) asclassifiedby theFuzzyRelationalClassifier(FRC) usingthe
waveletextractedAEP features(InfusionProfile2).
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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 referred to as Infusion Profile 3. In contrastwith the other

simulations, the remifentanilprofile is not constanthere. The propofol infusion rateis the

sameas in the Infusion Profile 2 (Figure6-7), with the respectiveeffect concentrationin

Figure6-8.

Figure6-11: Propofolandremifentanilinfusionrateprofiles(InfusionProfile3).

Figure6-12: Remifentanileffectconcentrationfor theinfusionrateprofile in Figure6-11.
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The remifentanileffect concentrationfor this infusion profile is presentedin Figures6-12.

Thechangesin theremifentanilinfusionrateproducevariationsin theeffectconcentration.

The effect of such variations will be analysedby comparing the model results using

InfusionProfile3 with theresultsusingInfusionProfile2.

Figure6-13: Systolicarterialpressure(SAP) andheartrate(HR) asdeterminedby thepatientmodel,
usingtheinfusionprofilesin Figure6-11.

Figure6-13 showsthecardiovascularparametersSAPandHR asdeterminedby thepatient

model using Infusion Profile 3. The increasein SAP and HR at approximately2000

secondsis due to the decreasein the propofol effect concentration. There is a gradual

changein the valuesof SAP representingthe gradualdecreasein propofol concentration

(seeFigure 6-8). The changein HR is more moderate, this is expectedsinceHR is less

sensitive to 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 remifentanilconcentrationresult in abruptchangesin SAP.

For example, the sharpdecreasein SAP at approximately4400 secondsis due to the

increasein the remifentanilconcentration, potentiatingthe effect of propofol at a medium

concentration. This is alsonoticeableat approximately3400 secondswhentheremifentanil

effectconcentrationreachesthelowestvalue, andthereis anincreasein SAP. As expected,

the effect of propofol is predominantandreflectedin the gradualchangesof SAP andHR

following the increasesand decreasesof the effect concentration(seethe time between

5500 and7000 seconds).

Figure 6-14 showsthe perceivedstimulus and the surgical stimulus, determinedby the

stimulusmodelaccordingto theeffect concentrationof remifentanilfor InfusionProfile 3.

Theperceivedstimulusis similar to thatobtainedwith theconstantremifentanilprofile (see
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Figure6-5), sincetheremifentanileffectconcentrationis still within theMediumrangeof

thestimulusmodel(seeFigure5-57).

Figure6-14: Surgicalstimulus(solid line) andperceivedstimulus(dashedline) for theremifentanileffect
concentrationin Figure6-12, duringthemaintenancephase.

Figure6-15: Depthof anaesthesia(DOA) asclassifiedby theFuzzyRelationalClassifier(FRC) usingthe
waveletextractedAEP features(InfusionProfile3).

The waveletextractedAEP featuresasdeterminedby the patientmodel, wereusedby the

FRC to classify the DOA level during the maintenancephase. The result is presentedin

Figure6-15. TheDOA profile is thesameasin theprevioussimulation(Figure6-10) until

approximately4100 secondsdueto the effect of propofol. However, the DOA level using

InfusionProfile 3 returnsto theOK level later thanthatof InfusionProfile 2. This is dueto

the higher remifentanilconcentrationthat potentiatesthe effect of propofol. The level of

DOA reachesthe OK level at approximately4900 seconds, when the remifentanileffect
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concentrationstabilizes.

6.3 Closed-Loop Structure

The final objectiveof an advisorsystemin anaesthesiais to determinethe infusion rateof

the anaestheticandanalgesicdrugs, in orderto achieveandmaintainan adequatelevel of

DOA. Figure 6-16 shows the implementationdiagram of the advisor system in the

operatingtheatre. The system(implementedon a PC) gathersinformation from the AEP

amplifier and the anaesthesiamonitor (in this case the Datex-Engstrom AS/3) which

measuresthecardiovascularparameters.

Figure6-16: Implementationdiagramof theadvisorsystemin theoperatingtheatre.

The AEP are processedby averagingand filtering, after which multiresolutionwavelet

analysisis usedto extracta setof features. This setof waveletextractedAEP featuresand

the cardiovascularparameters� HR and � SAP are usedby the fuzzy relationalclassifier

(FRC) to determinethe DOA. The DOA level in addition to the information about the

surgicalstimulus introducedto the systemby the anaesthetist, are usedto determinethe

adequateinfusion rateof the two drugs(i.e. propofol andremifentanil). In otherwords, a

multivariablecontroller would advisethe anaesthetistabout the requiredchangesin the

infusion rate of both drugs. This information would be transmittedto the two infusion
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pumps(Graseby3500), whichadministerthedrugsto thepatient.

An advisorsystemneedsto be developedand testedin simulationsbeforetransferto the

operatingtheatre. Therefore, an adequatepatientmodel is paramountfor such real-time

softwaredevelopment.

The closed-loop simulation systemlinks the patient model, the FRC of DOA and the

control algorithms. Figure 6-17 shows the block diagram comprising of the different

componentsof the closed-loop systemduring the maintenancephaseof anaesthesia. The

patient model is divided into pharmacokineticand pharmacodynamicmodels. The

compartmentalpharmacokineticmodels, which use the mean population parameters,

determinethe plasmaconcentrationof both drugs independently. The pharmacodynamic

modelcomprisestheeffectcompartmentsof thetwo drugsanda structureof fuzzy models.

This fuzzy structuremodelsthe waveletsextractedAEP featuresand the cardiovascular

parametersfrom theeffectconcentrationsandthesurgicalstimulus, accordingto thedrugs

interactionandtheeffectsof thedifferentstimuli intensity. Thesemodelledparametersare

thenusedby the FRC to classifyDOA. Finally, a control structuremaintainsan adequate

DOA levelby adjustingtheinfusionratesof propofolandremifentanil, whicharetheinputs

to thepatientmodel.

Figure6-17: Block diagramof theclosed-loopsimulationsystem.

The following sectionsfocuseson the developmentof the DOA controller. First, a SISO

fuzzy PI controller is developedusingonly the infusion rateof propofol, andby assuming

that the analgesicdrug is manuallycontrolledby the anaesthetist. Second, 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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phasedueto thedifferencesbetweeninductionandmaintenanceasexplainedin Chapter5.

6.4 SISO Fuzzy PI Controller

Feedbackcontrol hasprovedto be an effectiveandconvenientclinical tool for optimizing

theroutinedeliveryof anaesthetics(Westenskow, 1997). Controlsystemsshouldreducethe

inductiontime, delivera minimumamountof drug, andavoidcostlydelaysfrom failing to

keepthepatientin a desiredstate.

A fuzzy logic controllermayberegardedasa meansof emulatinga skilled humanoperator.

It providesa meansof convertinga linguistic control strategybasedon expertknowledge

into andautomaticcontrolstrategy(Lee, 1990a, b). AppendixB presentsthebasicconcepts

of fuzzy logic andfuzzy logic basedcontrol.

A fuzzy proportional-integral (PI) controller is designedto control the changein the

infusion rate of the anaestheticdrug propofol, in order to achieveand maintaina steady

level of DOA andto reducetheamountof druginfused. Figure6-18 showstheclosed-loop

systemdiagramwith theimplementationof thefuzzyPI controller.

Figure6-18: Implementationdiagramof thefuzzyPI controllerof DOA.

Thecontrolleris activatedonly at thestartof themaintenancephase. Thepropofol infusion

profile, during the induction phase, was set by the anaesthetist. In other words, the loop

remainsopenduring inductionbut is closedduringmaintenance. Therecoveryphaseis not

simulatedherefor duringthis phasenodrugsareadministered.

Theanalgesicdrug remifentanilis administeredat a fixed profile assetby theanaesthetist

accordingto a typical surgicalprocedure. Figure6-19 showsthe remifentanilinfusion rate
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used in closed-loop simulations. The correspondingremifentanil effect concentrationis

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

maintenancephaseprovidesa constantlevelof analgesia.

Figure6-19: Remifentanilinfusionratesetfor a typical surgicalprocedure.

Figure6-20: Remifentanileffectconcentrationfor 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 alsogoodcontrol (Allen andSmith, 2001; Huanget

al., 1999; Mortier et al., 1998; Webbet al., 1996).

In this research, a fuzzy PI controller determinesthe infusion rate of propofol during the

maintenancephasebasedon a patientmodel which considersthe drug’s interactionwith

remifentanil. Thestructureof thefuzzyPI controlleris presentedin thenextsection.
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6.4.1 Fuzzy PI Controller Structure

The fuzzy PI controllerusesthe error (targetDOA minusmeasuredDOA) andthe change

of error as inputs. The output of the controller is the changein propofol infusion rate.

Figure6-21 showsthestructureof a fuzzy PI controller: w is the targetDOA level (i.e. the

OK level � 3); e is theerror; � u is thechangein infusionrate; u is the infusionrateandy is

theDOA level (outputof theFRC). G1 andG2 arethescalingfactorsfor theerrorandthe

changeof error, respectively. As mentionedpreviously, five DOA levelsareconsideredand

representedas: 5-Deep; 4-OK/Deep; 3-OK; 2-OK/Light and1-Awake.

Figure6-21: Structureof a fuzzyPI controller.

The fuzzy PI controllerusesa setof 25 IF-THEN rules to control the changein infusion

rate, with five output membershipfunctions. The controller’s rule-baseis presentedin

Table6-1.

Table6-1: Rule-baseof thefuzzyPI controllerfor DOA. Theinputsaretheerrorandthechangeof error,
andtheoutputis thechangein propofolinfusionrate.

Change of 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 membershipfunctionsarelabelledas: 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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membershipfunctionsfor thecontrollerinputs, errorandchangeof error, respectively. The

input variablesarenormalizedbetween[-1, 1].

Figure6-22: Inputmembershipfunctionsdescribingtheerror, in thefuzzyPI controller.

Figure6-23: Inputmembershipfunctionsdescribingthechangeof error, in thefuzzyPI 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

anaesthetist. Theoutputcontrolsurfaceof this fuzzyPI controlleris shownin Figure6-25.

The next stepin the controller’s designis to obtainadequatevaluesfor the scalingfactors

G1 andG2. Theperformanceof thefuzzyPI controlleris affectedby thechoiceof theinput

171



_________________________________________________________________________________________________________________________________________________________
Chapter 6: Fuzzy Control of Depth of Anaesthesia

scalingfactors, hence, anoptimizationprocessis required.

Figure6-24: Outputmembershipfunctionsdescribingthechangeof propofolinfusionrate, in thefuzzy
PI controller.

Figure6-25: Outputsurfaceof thefuzzyPI controller.

6.4.2 Performance Index

The scalingfactorsG1 and G2 were optimizedusing a performanceindex and a genetic

algorithm(GA).

A performanceindex is a quantitativemeasureof the performanceof a system, and is

chosenso that emphasisis given to the importantsystemspecifications. The integral of
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time versusthe absoluteerror index (ITAE) is shownin Equation6-1. This index matches

theintuitive expectations, by penalizingtheerroraccordingto time.

ITAE � �
k � 0
N � 1 k|e 	 k 
 | 6-1

The ITAE index was modified to include information about the control action, this new

indexis referredto asITAEM. Thefollowing formulawasused:

ITAEM � � 1 
 k � 0
N � 1 k|e � k � | � � 2 � k � 0

N � 1 u � k � 6-2

wheree � k � is theerror, u � k � is thepropofol infusionrateandN is thenumberof simulation

samples. The weightingparameters� 1 and � 2 werechosento placemoreemphasison the

error or on the infusion rate, so that an ideal balancebetweenboth can be reached(i.e.

stableDOA anda smoothinfusionrate). TheITAEM waschosenastheperformanceindex

to evaluatethefuzzyPI controller’sperformance.

The objective is to obtain a set of valuesfor G1 and G2 that minimize the performance

index. Geneticalgorithms(GAs) aresearchalgorithmsbasedon the mechanicsof natural

selectionand naturalgenetics. They do not requirea precisemathematicalmodel of the

system(which doesnot exist in this case) but insteaduse the objective function values

associatedwith individual strings(Goldberg, 1989; LinkensandNyongesa, 1995).

The GAs work with a codingof the parameterset(not the parametersthemselves), search

from a populationof points, usepayoff (i.e. objectivefunction) information; derivationsor

other auxiliary knowledgeare not required, and useprobabilistic transition rules. These

factorsdifferentiateGAs from theothersearchmethods. A simpleGA hasthreeoperators:

reproduction, crossover, andmutation. Thegeneralstructureof a GA is presentedin Figure

6-26.

A simpleGA wasusedto minimize the ITAEM index (fitness). The GA wasimplemented

usingMATLAB for a populationsizeof 40 strings(representinga pair of valuesG1 and

G2) eachof length20 (i.e. 20 bits), with a probabilityof crossoverof 0.95 anda probability

of mutationof 0.06. The implementedGA wasallowed to run for 50 generations. Figure

6-27 showsthefitnesscurverelatingto anexperiment.

Theoptimizationwasrun with theparameters� 1 � 0.4 and � 2 � 0.6, which werefoundto

be representativeof thespecificationsfor thecontrol system, giving a biggerweight to the

infusionrateprofile. Thefollowing intervalswereused: G1 � � 0,10 � andG2 � � � 10,10  .
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The GA basedoptimization led to the valuesof G1 ! 0.3754 and G2 ! 7.7713 with a

minimumITAEM indexof 16.82.

Figure6-26: Generalstructureof a genetic

Figure6-27: Fitnesscurveof the50 generationsof theGA. Theperformanceindexwascalculatedwith"
1 # 0.4 and $ 2 # 0.6.

6.4.3 Results

The results of the closed-loop simulation using the fuzzy PI controller with the GA

optimizedparameters(G1 % 0.3754 andG2 % 7.7713), areshownin Figures6-28 to 6-31.
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The propofol infusion rateprofile usedduring the inductionphaseis the sameasthe one

usedwith patientPat1 (seeFigure5-1). The controlleris activatedat 1500 seconds, i.e. at

thebeginningof themaintenancephase.

Figure6-28 showsthe level of DOA for theclosed-loop simulation. TheOK DOA level is

achievedat 1740 secondsandmaintainedconstantthereafter.

Figure6-28: DOA levelusingthefuzzyPI controllerwith G1 & 0.3754 and G2 & 7.7713.

Figure 6-29 showsthe propofol infusion rate for the simulation. The fuzzy PI controller

kept a constantinfusion rateof 0.1923 mg/s after 1740 seconds. The total amountof drug

infusedduring the maintenancephasewas of 536.5 mg. Figure 6-30 showsthe propofol

effect concentrationduring the simulation. The constantpropofol infusion rateled to what

canbedescribedasa steadyeffectconcentration.

Figure6-29: Propofolinfusionratefor thefuzzyPI controllerwith G1 & 0.3754 and G2 & 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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concentrationsof the two drugs. The small peaksin the SAP andHR dataaredue to the

surgicalstimulusmodel.

This combinationof propofol and remifentanil effect concentrationsresults in a stable

DOA level, correspondingto a steadycardiovascularandCNSdepression.

Figure6-30: Propofoleffectconcentrationfor theinfusionrateprofile in Figure6-29.

Figure6-31: Systolicarterialpressure(SAP) andheartrate(HR) from thepatientmodelusingthe
propofolinfusionprofile in Figure6-29.

6.4.4 Comparison with a Conventional Controller

The fuzzy PI controller performancewill be comparedwith the performanceof a

conventionalPI controller. The ITAEM index will be usedto analysethe performanceof

both controllers. SomeresearchersuseconventionalPID controllers, however, in medical

applicationsthe derivativeterm can be a problembecauseof noise. The derivativeterm

reactsto the noisein the measurementof the controlledvariable, changingthe controller

outputasa functionof noise(Westenskow, 1997).

176



_________________________________________________________________________________________________________________________________________________________
Chapter 6: Fuzzy Control of Depth of Anaesthesia

The next sectionpresentsthe structureof the conventionalPI controller and its results

duringa closed-loopsimulation.

6.4.4.1 Conventional PI Controller

Theoutputof a conventionalPI controllercanbewritten asfollows:

u ' t ( ) Kpe ' t ( * Ki + e , t - dt 6-3

du. t /
dt 0 Kp

de1 t /
dt 2 Kie 3 t 4 6-4

whereKp andKi arethe proportionalandintegraltermsrelatingto the controller, ande is

theerror. Fora digital controlleronecanwrite:

5
u 3 k 4 0 u 3 k 4 6 u 3 k 6 14 0 Kp

5
e 3 k 4 2 Kie 3 k 4 6-5

u 3 k 4 0 u 3 k 6 14 2 Kp
5

e 3 k 4 2 Kie 3 k 4 6-6

The conventionalPI controller has the changein control action as the output, i.e. the

changein thepropofolinfusionrate.

The GA was also usedto optimized the parametersKp and Ki for the conventionalPI

controller, using the ITAEM index with 7 1 0 0.4 and 7 2 0 0.6 (Equation6-2). The same

specificationsasfor thefuzzy PI controllerwereusedin theGA parameteroptimizationfor

theconventionalPI controller.

The GA basedoptimization led to the valuesof Kp 0 0.7918 and Ki 0 1.3763 with a

minimumITAEM indexof 17.07.

The closed-loop simulation results for the conventionalPI controller are presentedin

Figures6-32 to 6-35. Figure6-32 showstheDOA level for theclosed-loop simulation. The

OK DOA level is achievedat the sametime as with the fuzzy PI controller (i.e. 1740

seconds). Figure6-33 presentsthe propofol infusion rate, which is kept at a constantlevel

of 0.1979 mg/s after 1740 seconds. The total amount of drug infused during the

maintenancephasewasof 552.1 mg.

Figure 6-34 showsthe correspondingpropofol effect concentration. The graph showsa

continuousincreasein theeffectconcentrationafterapproximately2000 seconds.
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Figure6-32: DOA levelusingtheconventionalPI controllerwith Kp 8 0.7918 and K i 8 1.3763.

Figure6-33: Propofolinfusionratefor theconventionalPI controllerwith Kp 8 0.7918 and K i 8 1.3763.

Figure6-34: Propofoleffectconcentrationfor theinfusionrateprofile in Figure6-33.

The cardiovascularparametersfor this simulationarepresentedin Figure6-35. Thereis a

slightdecreasein SAPcorrespondingto theincreasein thepropofoleffectconcentration.
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Figure6-35: Systolicarterialpressure(SAP) andheartrate(HR) from thepatientmodelusingthe
propofolinfusionprofile in Figure6-33.

TheDOA level is thesameusingtheconventionalor thefuzzy PI controller. However, the

performanceindex is smallerfor the fuzzy PI controllerdueto thesmalleramountof drug

infused, 536 mg versus552 mg of theconventionalPI controller. In addition, thehigherthe

infusion rate used by the conventionalPI controller the greater the depressionin the

cardiovascularparameterswill be. The meanvalueof SAP during the maintenancephase

wasof 92.7 mmHgusingthefuzzy PI controllerversusa meanvalueof 91 mmHgwith the

conventionalPI controller. Therefore, the fuzzy PI controller can be consideredto be a

moreeffectiveoptionfor thepatientdueto thesmalleramountof druginfused.

The fuzzy PI controller hasthe ability to respondto unexpecteddisturbances, which can

happenin theoperatingtheatreandthatarereflectedin theDOA level. In thenextsection,

theresultsof bothcontrollersto setpoint changes(i.e. DOA targetlevel) arecompared.

6.4.4.2 General Results

The performanceof the fuzzy PI controller is comparedwith the performanceof the

conventionalPI controller, consideringtheresponseto a changein theDOA targetlevel.

For testpurposes, the DOA targetlevel waschangedto OK/Deep(i.e. 4) at 3000 seconds

and changedback to the OK level (i.e. 3) at 3210 seconds. The responsesof both

controllersto this setpoint changeareshownin Figures6-36 and6-37.

The DOA level (Figure6-36) usingthe fuzzy PI controllerachievesthe OK/Deeplevel at

3120 seconds(i.e. 2 minutesafter thesetpoint changeto OK/Deep) andreturnsto theOK

level at 3720 seconds(i.e. 8.5 minutes after the set point changeto OK), while the

conventionalPI controller reachesthe OK/Deeplevel at 3090 secondsand returnsto the
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OK level at 4230 seconds. TheconventionalPI controlleris fasterin respondingto thefirst

set point changeto OK/Deep, 1.5 minutesversus2 minutesin the caseof the fuzzy PI

controller. Nevertheless, this is a small time differenceof only 30 seconds. However, the

conventionalPI controllertakesmore8.5 minutesto returnto the OK level thanthe fuzzy

PI controller. In total, theconventionalPI controllerneeds17 minutesto reachtheOK level

after the set point changeat 3210 seconds; the DOA level is a reflection of the propofol

infusionrateof bothcontrollers(seeFigure6-37).

Figure6-36: DOA levelusingthefuzzyPI controller(solid line) andtheDOA levelusingthe
conventionalPI controller(dashedline) duringthemaintenancephase. Setpoint changeto OK/Deepat

3000 secondsandbackto OK at 3210 seconds.

Figure6-37: Propofolinfusionrateof thefuzzyPI controller(solid line) andthepropofolinfusionrateof
theconventionalPI controller(dashedline) duringthemaintenancephase. Setpoint changeto OK/Deep

at 3000 secondsandbackto OK at 3210 seconds.
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TheconventionalPI controllerrespondsto thesetpoint changefrom OK to OK/Deepwith

a significantly higherpropofol infusion rate thanthe fuzzy PI controller, which leadsto a

higher propofol effect concentration(seeFigure 6-38). The fuzzy PI controller is able to

maintainthe OK/Deeplevel at a smallereffect concentrationleadingto a fasterreturn to

the OK level whenrequired. The total amountof propofol infusedduring the maintenance

phasewas of 548.5 mg and 621.5 mg with the fuzzy and conventionalPI controller,

respectively.

Figure6-38: PropofoleffectconcentrationusingthefuzzyPI controller(solid line) andthepropofol
effectconcentrationusingtheconventionalPI controller(dashedline) duringthemaintenancephase. Set

point changeto OK/Deepat 3000 secondsandbackto 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 concentration, this is consideredto be unsafe. Overall, the fuzzy PI

controllerperformsbetterthantheconventionalPI controller.

6.5 Multivariable Fuzzy Control

In general, propofol is usedfor maintenanceof anaesthesiain combinationwith anopioid,

hence, the anaesthetistis confrontedwith the dilemmaof whetherto vary propofol or the

opioid. Zhang et al. (1998) reported on a closed-loop system for total intravenous

anaesthesiaby simultaneouslyadministeringpropofol and fentanyl. They studied the

interactionbetweenpropofol andfentanylfor lossof responseto surgicalstimuli usingan

unweightedleastsquaresnonlinearregressionanalysiswith humandata. A look-up tableof

optimal and awakeningcombinationsof concentrationswas built, and usedto determine
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the fentanylsetpoint accordingto the propofol setpoint. To our knowledge, this is oneof

theonly studiesin simultaneouscontrolof anaestheticandanalgesicdrugs.

Multivariable controllersarenot easyto design. Thereareseveralstudieson 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) describedanintegrateddevelopmentsystemwhich permitsthecontroller

designerto testhypothesis, examinethe effect of changesin the controllerparametersand

performa completeoff-line simulationof a proposedmultivariablefuzzy controller. This

systemwas appliedto industrial processesand testedoff-line with mathematicalmodels.

Anotherstudyon multivariablefuzzy control systemsis the oneby JeonandLee (1995).

They developeda coordinator for the controller, which decidesthe dimensionof the

relationalmatrix usingindicesof applicability. A numericalexampleis presentedshowing

thatthecoordinatorcouldpreventa largeamountof inferenceerror.

Guanet al. (2001) designeda multivariablefuzzycontrollerfor thelaminalcoolingprocess

of hot rolled glab. This is a hybrid/statistical multivariable control system tested in

simulationandpracticalexperiments. Thecontrollerled to a robustperformance.

Linkensand Nyongesa(1996) developeda hierarchicalmultivariablefuzzy controller for

learningwith GAs. This controllerwasappliedto a simulationcasestudy in anaesthesia,

usingmathematicalmodelsdescribingtheactionof atracuriumandisoflurane(i.e. a muscle

relaxant and an inhalational anaesthetic). This structure decomposesa complex

multivariablefuzzycontrollerinto severalsimplefuzzycontrollers.

Fuzzy controllers are also used as gain scheduling approximatorsfor multivariable

controllers(Blanchettet al., 2000; ChangandFu, 1997; ChenandChen, 1991; Palmand

Rehfuess, 1997). Fuzzy rules and reasoningcan be utilized on-line to determinethe

controllerparametersbasedon theerrorsignalandits first difference(Zhaoet al., 1993).

A review of conventionalandfuzzy gain schedulingtechniquesis presentedby Tan et al.

(1997). Theyreporton theimprovementof thenewneuro-fuzzy gainschedulingoverother

gainschedulingmethods. Viljamaa(2000) did his PhDthesison fuzzy gainschedulingand

tuningof multivariablefuzzy control, with anoverviewof themethodsof fuzzy computing

in control systems. The examplespresentedby Viljamaa (2000) have well defined
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mathematicalmodelsandinformationaboutthemodelsis usedin thetuningprocess.

Many of the researchesmentionedaboverely on mathematicalmodels. The complexityof

biomedicalsystemsrendersthe taskof control designmoredifficult . The highly nonlinear

systembehaviourand partly unknowndynamicsare an areawhere fuzzy modelling and

control methodscanplay an importantrole. The availablequalitativeoperatoranddesign

knowledgecanbeimplementedusingfuzzy logic (VerbruggenandBruijn, 1997).

The anaesthetist’s knowledgeand experiencecan be incorporatedinto the fuzzy control

systemas a set of linguistic rules. In addition, the interactionbetweenremifentanil and

propofol introducesinformationthat could be usedto determinethe adequatecombination

of thetwo drugs.

A multivariable fuzzy controller was developedwith the anaesthetistcoordination. A

simplified linguistic schemeof thecontrollercanbedescribedasfollows:

9 If DOA is OK then no change;
9 If DOA is light andif:

: stimulusthen increase remifentanil;
: nostimulusthen increase propofol;

; If DOA is deepandif:
: nostimulusandremifentanilhigh then decrease remifentanil;
: nostimulusandremifentanilnormalandpropofolhigh then decrease propofol;
: nostimulusandremifentanilnormalandpropofolnormalthen decrease remifentanil;
: stimulusandpropofolhigh then decrease propofol andincrease remifentanil;
: stimulusandpropofolnormalthen decrease remifentanil.

It is importantto notethat a minimum effect concentrationof propofol andremifentanilis

requiredat all times, in orderto ensureunconsciousnessandpreventarousal.

The structure of the multivariable fuzzy controller for DOA, with simultaneous

administrationof propofolandremifentanilis presentedin moredetailsin thenextsections.

6.5.1 Multivariable Fuzzy Controller Structure

The multivariable fuzzy controller for DOA comprises three different blocks,

correspondingto the threepossiblevaluesof 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

differentlyaccordingto thesethreestages.

Consideringthe three different possibilities for the level of DOA, the structureof the

multivariablefuzzycontrolleris asfollows:

< If DOA is at the target level:

- = upropofol is determinedby theSISOfuzzyPI controller;

- = uremifen tanil > 0.

< If DOA is light:

- no stimulus present: = upropofol is determinedby the SISO fuzzy PI controller, and
= uremifen tanil > 0;

- stimulus present: = upropofol > 0, and = uremifen tanil is increasedusingthe remifentanil
rule-base1.

< If DOA is deep:

- no stimulus present and Ceremifen tanil is high: = upropofol > 0, and
= uremifen tanil > ? 0.025 @ g/kg/min;

- no stimulus present and Ceremifen tanil is normal and Cepropofol is high: A upropofol is
determinedby theSISOfuzzyPI controller, and A uremifen tanil B 0;

- no stimulus present and Ceremifen tanil is normal and Cepropofol is normal:A upropofol B 0, and A uremifen tanil B C 0.001 @ g/kg/min;

- stimulus present andCeremifen tanil is high andCepropofol is normal: A upropofol B 0, andA uremifen tanil B C 0.025 @ g/kg/min;

- stimulus present andCeremifen tanil is normal andCepropofol is normal: A upropofol B 0,
and A uremifen tanil B C 0.001 @ g/kg/min;

- stimulus present andCepropofol is high: A upropofol is determinedby theSISOfuzzy PI
controller, and A uremifen tanil is increasedusingtheremifentanilrule-base2.

where A upropofol is the changein propofol infusion rate, A uremifen tanil is the changein

remifentanilinfusionrate, Ceremifen tanil is theremifentanileffectconcentration, andCepropofol

is the propofol effect concentration. The SISO fuzzy PI controller is the controller

developedin Section6.4. Theremifentanilrule-base1 andrule-base2 which determinethe

changein the remifentanilinfusion rateaccordingto the perceivedstimulusintensityand

thechangein DOA error, arepresentedin thefollowing sections.

184



_________________________________________________________________________________________________________________________________________________________
Chapter 6: Fuzzy Control of Depth of Anaesthesia

The presenceof stimulusis establishedaccordingto the stimulusintensity. A valuebelow

0.25 is consideredas no stimulus, becausea stimulusintensity below this value hasvery

little, if any, influencein thecardiovascularparameters. Thevalueof 0.25 is thepeakof the

VeryLow membershipfunctionin theperceivedstimulusmodel(seeFigure5-59).

The rangesof the remifentanil effect concentrationwere establishedaccording to the

perceivedstimulusmodelandarethefollowing:

D High: Ceremifen tanil E 6 ng/ml;
F Normal: Ceremifen tanil between4-6 ng/ml;
F Low: Ceremifen tanil G 4 ng/ml.

Thepropofoleffectconcentrationwasclassifiedasfollows:

H High: Cepropofol I 3520 ng/ml;
H Normal: Cepropofol between2500-3520 ng/ml;
H Low: Cepropofol G 2500 ng/ml.

The decrementsin the remifentanil infusion rate of 0.025 J g/kg/min were decidedupon

using literatureresults. The value of 0.001 J g/kg/min was consideredadequate, so as to

producethedesiredeffectwithoutanydetrimentaleffecton thelevelof analgesia.

Minimum propofol and remifentanil effect concentrationsare required. The minimum

values were establishedas 2250 ng/ml and 3.5 ng/ml for propofol and remifentanil,

respectively. If theeffectconcentrationsreachtheseminimumvalues, thentheinfusionrate

of propofol and remifentanil will be increasedby 0.2 mg/s and 0.025 J g/kg/min,

respectively. The incrementof 0.2 mg/s for propofol was chosenbasedon the infusion

profilesanalysed.

The next two sectionsdescribe the remifentanil rule-base 1 and rule-base 2 of the

multivariablefuzzycontrollerstructure.

6.5.2 Remifentanil Rule-Base 1

The remifentanil rule-base1 determinesthe incrementin the remifentanil infusion rate

whenthe DOA level is light in the presenceof stimulus. The rule-baseis shownin Table

6-2, andusestheperceivedstimulusandthechangein DOA error to establishthe increase

in theremifentanilinfusionrate.
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The stimulus intensity is labelledLow, Medium and High, accordingto the membership

functionsin Figure 6-39. Figure 6-40 showsthe membershipfunctionsfor the changein

DOA errorlabelledas: Negative(N), Zero(ZE), PositiveSmall(PS) andPositiveBig (PB).

Thesefuzzy partitionsreflect thechangein DOA errorconsideringthat thelevel of DOA is

lighter than the set point. While a negativevalue is only the result of a changefrom the

Awaketo theOK/Light level, therearedifferentpossibilitiesfor a positivechangeof DOA

error. Therefore, one needsto differentiatebetweenthe positive valuesof the changeof

error.

Table6-2: Rule-base1 describingthechangein remifentanilinfusionrateusingthestimulusleveland
thechangeof DOA error.

Change of error

Stimulus N ZE PS PB

Low PS PS PM PB

Medium PS PM PM PB

High PM PB PB PB

Figure6-39: Inputmembershipfunctionsdescribingthestimuluslevel.

Figure6-40: Inputmembershipfunctionsdescribingthechangeof DOA error, for rule-base1.
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The changein remifentanil infusion rate is describedas: Positive Small (PS), Positive

Medium (PM) andPositiveBig (PB). The outputmembershipfunctionsfor the changein

remifentanil infusion rate are shown in Figure 6-41, followed by the output surfaceof

rule-base1 in Figure 6-42. The output surfaceshowshow the remifentanil infusion rate

changesaccordingto the stimulusintensity and the changein DOA error. WhenDOA is

light, higher changesin remifentanil infusion rate are required in order to respondto

stimulusandincreasethelevelof DOA.

Figure6-41: Outputmembershipfunctionsdescribingthechangein remifentanilinfusionrate.

Figure6-42: Outputsurfaceof rule-base1, describingthechangein remifentanilinfusionrate.

The change in remifentanil infusion rate is normalized between [0,1], however, the

maximumvalueof thevariablewasestablishedas0.03 K g/kg/min.
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6.5.3 Remifentanil Rule-Base 2

The remifentanil rule-base2 is usedwhen the DOA is deep, however, there is stimulus

presentand an incrementon the remifentanil infusion rate is necessary. Rule-base2 is

shownin Table6-3. Theperceivedstimuluslevel andthechangein DOA errorareusedto

determine the change in remifentanil infusion rate, similarly to rule-base 1. The

membershipfunctionsfor the stimulus intensity are the sameas for rule-base1, and are

shownin Figure6-39.

Table6-3: Rule-base2 describingthechangein remifentanilinfusionrateusingthestimulusleveland
thechangeof DOA error.

Change of error

Stimulus NB NS ZE P

Low PS PS PS PS

Medium PS PS PM PM

High PS PM PM PB

The changeof error is labelledNegativeBig (NS), NegativeSmall (NS), Zero (ZE) and

Positive (P), according to the membershipfunctions in Figure 6-43. The differences

betweenrule-base1 andrule-base2, with respectto the rangesandmembershipfunctions

of thechangein DOA error, aredueto thepre-definedfact that theDOA level is lighter or

deeperthanthetargetlevel.

Figure6-43: Inputmembershipfunctionsdescribingthechangeof DOA error, for rule-base2.

Thechangein the remifentanilinfusion rateis denotedin thesameway asfor rule-base1,

with themembershipfunctionsin Figure6-41. In rule-base2, thesmallerincrementin the
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infusionrateis predominant, sincetheDOA is deepandtheremifentanilis increasedfor its

analgesicproperties. In rule-base1, theDOA is light, hence, remifentanilis increasedasa

responseto stimulusandfor its synergisticpropertieswith propofol in orderto increasethe

DOA level.

Figure6-44 showstheoutputsurfacefor rule-base2, describingthechangein remifentanil

infusion rate. Analysing Figures 6-44 and 6-42 (output surface for rule-base 1), the

differencein the valueof the incrementis significant. WhenDOA is light, higherchanges

in remifentanilinfusion ratesareused. If DOA is deeponeneedsto respondto stimulus,

however, theDOA level shouldnot increase.

Figure6-44: Outputsurfaceof rule-base2, describingthechangein remifentanilinfusionrate.

Themembershipfunctionsusedin themultivariablecontroller, andevenin theSISOfuzzy

PI controller, areGaussian. This is to obtainsmoothercontrolactions.

6.6. Simulation Results

The multivariable fuzzy controller was usedin closed-loop simulationswith the patient

model. The resultsof threesimulationsarepresentedin the following sections, including

the controllerreactionsto externaldisturbances. Note that the controlleronly startsacting

at 1500 seconds(i.e. duringthemaintenancephase).

189



_________________________________________________________________________________________________________________________________________________________
Chapter 6: Fuzzy Control of Depth of Anaesthesia

6.6.1 Simulation 1

In this simulation, the infusion profile for both drugswhich wasusedduring the induction

phasewasthe sameasthe oneusedin the simulationswith the SISOfuzzy PI controller.

TheDOA level for this simulationis shownin Figure6-45. TheOK DOA level is achieved

at 1740 seconds.

Figure6-46 showsthepropofolandremifentanilinfusion ratesduring this simulation. The

correspondingeffectconcentrationsarepresentedin Figures6-47 and6-48, respectively.

Figure6-45: DOA levelusingthemultivariablecontrollerin simulation1.

Figure6-46: Propofolandremifentanilinfusionratesasdeterminedby themultivariablecontrollerin
simulation1.
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Figure6-47: Propofoleffectconcentrationfor theinfusionprofile in Figure6-46, simulation1.

Figure6-48: Remifentanileffectconcentrationfor theinfusionprofile in Figure6-46, simulation1.

Themultivariablefuzzy logic controllerperformedaswell astheSISOfuzzy PI controller.

In fact, thesameinfusionprofileswereused. TheOK DOA level wasrapidly achieved, and

the controller maintainedefficiently a stableDOA level by keepingboth infusion rates

constant.

Thecardiovascularparametersof simulation1 areshownin Figure6-49. Theresultsof the

patientmodelarethesameasin Figure6-31, correspondingto thesameinfusionprofile as

with theSISOfuzzyPI controller.

The multivariablecontroller reactsto changesin the systemoutput, i.e. the DOA level,

when the setpoint hasbeenreachedand the subsequentcontrol actionmaintaineda zero

error, thenit is not necessaryto changethecontrol output. In thenext section, a changein
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DOA target(setpoint) is introducedin orderto assessthecontroller’sperformance.

Figure6-49: Systolicarterialpressure(SAP) andheartrate(HR) for simulation1.

6.6.1.1 Change in DOA Target

Thesameconditionsasin simulation1 wereconsidered, but with a setpoint changeto the

OK/Deep level at 3000 seconds. Figure 6-50 showsthe infusion ratesof propofol and

remifentanilas determinedby the multivariablecontroller during the maintenancephase.

TheDOA level is shownin Figure6-51.

Figure6-50: Propofolandremifentanilinfusionratesasdeterminedby themultivariablecontroller,
duringthemaintenancephase. DOA targetchangeto OK/Deepat 3000 seconds.
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Figure6-51: DOA levelusingthemultivariablecontroller, duringthemaintenancephase. DOA target
changeto OK/Deepat 3000 seconds.

TheOK/DeepDOA level is reachedat 3060 seconds, i.e. only 60 secondsafterthesetpoint

change. The multivariable controller reacts to the set point changeby increasingthe

remifentanil infusion rate, due to the high stimulus level presentin the system(seee.g.

Figure6-5). This increasein the remifentanilinfusion rate, increasesthe level of analgesia

andalsopotentiatesthe effect of propofol. This increasesthe DOA level fasterthanin the

SISOfuzzy PI controllercase. Figure6-52 showsthe SAP during the maintenancephase.

The decreasein SAP following an increasein the remifentanilinfusion rateshowshow a

deeperlevel of depressionis achieved, leadingto the OK/DeepDOA level. Therefore, the

multivariable controller is taking advantageof the synergism between propofol and

remifentanilfor anefficient controlof DOA.

Figure6-52: Systolicarterialpressure(SAP) duringthemaintenancephase. DOA targetchangeto
OK/Deepat 3000 seconds.

In order to analysethe responseof the controller underdifferent conditions, a set point

changeto the OK/Deep level at 3720 secondswas considered. Figure 6-53 shows the

propofolandremifentanilinfusionratesduringthis simulation. At thetime of thechangein
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thesetpoint (i.e. 3720 seconds) theperceivedstimulusintensityis very low, therefore, the

controllerreactsby increasingthepropofolinfusionrate.

Figure6-53: Propofolandremifentanilinfusionratesasdeterminedby themultivariablecontroller,
duringthemaintenancephase. DOA targetchangeto OK/Deepat 3720 seconds.

The DOA level for this simulationis shownin Figure6-54. The OK/DeepDOA level is

reachedat 3870 seconds, i.e. 2.5 minutesafterthesetpoint change.

Figure6-54: DOA levelusingthemultivariablecontrollerduringthemaintenancephase. DOA target
changeto OK/Deepat 3720 seconds.

The controlleris ableto achievethe OK/DeepDOA level in both situationsin a relatively

shorttime. In the first case, i.e. an increaseof the remifentanilinfusion rate, the OK/Deep

level is reachedfasterdue to the rapid onsetof the action of remifentanil, a subsequent

reductionin theperceivedstimulus, anda synergismwith propofol. In thesecondcase, i.e.

an increaseof thepropofol infusionrate, theOK/Deeplevel is the responseto the increase

in thepropofoleffectconcentration.
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6.6.2 Simulation 2

Simulation 2 considersa different propofol infusion profile during the induction phase,

hence, different initial conditionsfor the multivariablefuzzy controller. The remifentanil

infusionprofile is thesameasfor simulation1.

TheDOA level for simulation2 is shownin Figure6-55, followed by the infusionprofiles

of propofol and remifentanil in Figure 6-56. The effect concentrationsof propofol and

remifentanilarepresentedin Figures6-57 and6-58, respectively.

At thebeginningof themaintenancephasetheDOA is at theOK level, i.e. thetargetlevel.

The propofol andremifentanilinfusion ratesarekept constantby the controller. However,

at approximately1900 secondsthe DOA level increasesto OK/Deep. The multivariable

controller respondswith a decreasein the remifentanil infusion rate, since the propofol

effectconcentrationis within thenormalrange.

Figure6-55: DOA levelusingthemultivariablecontrollerin simulation2.

Figure6-56: Propofolandremifentanilinfusionratesasdeterminedby themultivariablecontrollerin
simulation2.
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Figure6-57: Propofoleffectconcentrationfor thepropofolinfusionprofile in simulation2 (Figure6-56).

Figure 6-59 showsthe decreasein the remifentanil infusion rate, which was not easily

observedin Figure6-56. The remifentanileffect concentrationalsodecreases(seeFigure

6-60), resultingin aneffectivereturnto theOK DOA level.

Figure6-58: Remifentanileffectconcentrationfor theremifentanilinfusionprofile in simulation2
(Figure6-56).

Figure6-59: Remifentanilinfusionratesasdeterminedby themultivariablecontrollerin simulation2,
duringthemaintenancephase(zoomonFigure6-56).
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Figure6-60: Remifentanileffectconcentrationduringthemaintenancephasein simulation2 (zoomon
Figure6-58).

The decreasein the remifentanil infusion rate is very small, but it is provedsufficient in

order to achievethe OK DOA level. The multivariable controller showsa smoothand

gradual reaction to the change in DOA level, which has proved to be efficient in

maintaininga stablelevelof DOA.

Figure6-61 showsthestabilityof thecardiovascularparametersduringthis simulation.

Figure6-61: Systolicarterialpressure(SAP) andheartrate(HR) in simulation2.

6.6.2.1 Disturbance Tests

Consideringthe sameconditionsas for simulation2, a disturbanceto the OK/Light DOA

level wasintroducedat 3600 seconds. In a realsituation, this couldbeduefor instanceto a

high stimulusinterference. Figure6-62 showstheDOA level for this simulation, duringthe

maintenancephase. The first OK/DeepDOA level (at approximately1900 seconds) is the

sameasin theprevioussimulation.
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Figure6-62: DOA levelusingthemultivariablecontroller(maintenancephaseonly). Disturbanceto the
OK/Light DOA levelat 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 shown in Figure 6-64 in order to analysethe controller’s

behaviour. The first decreasein the remifentanilinfusion rateis the sameasin simulation

2.

Figure6-63: Propofolandremifentanilinfusionratesusingthemultivariablecontroller(maintenance
phaseonly). Disturbanceto theOK/Light DOA levelat 3600 seconds.

The controller respondsto the OK/Light disturbancewith an increasein the remifentanil

infusion rate, which leads to an OK/Deep DOA level. Therefore, the controller

subsequentlydecreasesremifentanilin orderto stabilizetheeffectconcentrationandleadto

an OK DOA level. Figure 6-65 shows the remifentanil effect concentrationfor this

simulation.

Thefastonsetof actionof remifentanilallowsthecontrollerto manipulatetheinfusionrate

in order to achieverapidly the desiredDOA level. Therefore, the controller is able to

respondadequatelyto the externaldisturbance. Once again, only small changesin the
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remifentanil infusion rate are usedand provedto be efficient in achievingthe OK DOA

level.

Figure6-64: Remifentanilinfusionrateusingthemultivariablecontroller(maintenancephaseonly).
Disturbanceto theOK/Light DOA levelat 3600 seconds.

Figure6-65: Remifentanileffectconcentrationfor theinfusionprofile in Figure6-64.

6.6.3 Simulation 3

Simulation3 considersa different remifentanilinfusionprofile during the inductionphase,

while thepropofol infusionprofile is thesameastheoneusedin simulation1 (i.e. theone

from patientPat1). In otherwords, simulation2 and3 analysethereactionof thecontroller

to different initial conditions. Thefirst changesthepropofol infusionrateduring induction,

andthesecondchangestheremifentanilprofile.

Figure 6-66 showsthe DOA level in simulation 3, while the propofol and remifentanil
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infusion ratesare shown in Figure 6-67. In contrastwith the previoussimulations, the

multivariablecontrollerchangesbothinfusionratesin responseto theOK/DeepDOA level

at approximately1700 seconds.

Figure6-66: DOA levelusingthemultivariablecontrollerin simulation3.

Figure6-67: Propofolandremifentanilinfusionratesasdeterminedby themultivariablecontrollerin
simulation3.

Figure6-68: Propofolandremifentanilinfusionratesasdeterminedby themultivariablecontrollerin
simulation3, duringthemaintenancephase(zoomonFigure6-67).
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Figure6-68 showsthe infusion rateof both drugsduring the maintenancephase(zoomon

Figure 6-67). The multivariable controller decreasesthe propofol infusion rate first and

then gradually decreasesthe remifentanil infusion rate. The effect concentrationsof

propofolandremifentanilarepresentedin Figures6-69 and6-70, respectively.

The controller is able to determinethe adequatecombinationof the two drugs, achieving

andmaintainingtheOK DOA level.

The cardiovascularparametersfor simulation 3 are presentedin Figure 6-71. A stable

haemodynamicprofile is achievedthroughoutthe maintenancephase. There is a small

gradualdecreasein SAP andHR dueto the increasein the propofol effect concentration,

however, theSAPandHR valueswereneverbelowthepos-inductionminimumvalues.

Figure6-69: Propofoleffectconcentrationfor thepropofolinfusionratein simulation3 (Figure6-67).

Figure6-70: Remifentanileffectconcentrationfor theremifentanilinfusionratein simulation3 (Figure
6-67).
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Figure6-71: Systolicarterialpressure(SAP) andheartrate(HR) in simulation3.

6.7 Summary

A closed-loop simulationstructurefor DOA wasdeveloped, linking the patientmodel, the

FRC anda control system. This structureis an advisorsystemfor the anaesthetist. In fact,

the systemshouldprovide information about the adequateinfusion rate of propofol and

remifentanilsimultaneously.

In a first stage, a SISOfuzzy PI controllerwasdeveloped. This controllerdeterminesthe

changein propofol infusion rate accordingto the DOA error and basedon the patient

model. Remifentanilis consideredas being manuallycontrolledby the anaesthetist. The

patient model uses the infusion rate of both drugs to determine the effect on the

cardiovascularparametersandon thewaveletextractedAEPfeatures.

The SISO fuzzy PI controller parameterswere optimized using a GA. Overall, the

controller had a goodperformanceand was able to respondeffectively to changesin the

DOA set point. The fuzzy PI controller also proved to be better than a conventionalPI

controllerunderthesameconditions.

The secondstageof the studyrelatedto the developmentof a multivariablecontroller for

the simultaneousadministrationof propofol and remifentanil. Fuzzy logic was used to

construct the multivariable controller, which was basedon the anaesthetistexperience

translatedto linguistic rules.

Themultivariablecontrollerusesthreerule-basesto establishthe infusionratesof propofol

and remifentanil, accordingto the DOA level. In the caseof remifentanil, the perceived

surgical stimulus intensity is also used to ensurean adequatelevel of analgesia. The
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controller takesinto accountthe synergisticinteractionbetweenthe two drugs, and uses

this to rapidlyachievethedesiredDOA level.

In orderto testthereactionsof themultivariablecontroller, severalclosed-loop simulations

were performed using different induction profiles, and adding set point changesand

disturbancesto the system. The controller performedefficiently in all simulations, by

adjustingthe infusionrateof bothdrugsin responseto DOA changes. Theseresultscanbe

usedto determineideal combinationsof infusion profiles for future usein the operating

theatre.
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Chapter 7

Conclusions and Recommendations

7.1 Conclusions

Depth of anaesthesia(DOA) is defined as the degreeof lack of responseand recall to

noxious stimuli. While clinical signs can be used to establishthe lack of responseto

stimulus, they are not reliable indicators of possible recall. In addition, balanced

anaesthesiacomprisesthe useof a musclerelaxant, an analgesicand an anaesthetic, and

suchuseof severaldifferentdrugsmayobscuretheclinical signs. Unconsciousnessis hard

to defineandmeasureaccurately, howeveroneshouldlook for a DOA indicatorwithin the

central nervous system (CNS). Previous researchersinvestigatedthe auditory evoked

potentials(AEP) asan indicatorof DOA. The AEP areresponseson the EEG to auditory

stimuli, and have been proved to show similar graded changeswith equipotent

concentrationsof differentanaesthetics, anddistinguishbetweenthedifferentDOA levels.

The introductionof balancedanaesthesiagaverise to anotherproblem: how to determine

the adequateinfusion rateof the anaestheticandanalgesicdrugs, consideringthat the two

drugs interact and that there is no direct measureof analgesia(i.e. pain relief). The

possibilityof recallwith implicit or explicit painbringsseriousproblemsfor thephysician

andfor thepatient.

The objectiveof this researchproject was to solve part of the problemsthat concernthe

anaesthetistin the operatingtheatre. The studywasbasedon clinical datagatheredduring

surgicalprocedureswith theanaestheticpropofolandtheanalgesicremifentanil.

The first stepwasthe classificationof DOA. Multiresolutionwaveletanalysiswasusedto

extractmeaningfulfeaturesfrom theAEP relatingto thedifferentDOA levels. A setof ten

wavelet extracted AEP features was found to provide the necessaryinformation to
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distinguishbetweenthe DOA levels. A fuzzy relationalclassifier(FRC) wasdevelopedin

orderto processtheAEP featuresandclassifytheminto DOA levels. TheFRCusesfuzzy

clusteringand fuzzy relationalcompositionto establishthe link betweenthe naturaldata

clustersand the DOA levels. An automaticsystemis requiredto processthe AEP and

translatethe relevant information into a referencevalue, to which the anaesthetistcan

relate. Online AEP processingprovidesthe anaesthetistwith information about the CNS

depression, hence, thedegreeof unconsciousnessof thepatient. TheFRCclassificationwas

evaluatedagainst the anaesthetistclassification, 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

establishedby the anaesthetist. The resultsof the FRC werecomparedwith the resultsof

KSOM andANFIS classifiers. Overall, theFRCachieveda betterperformance. Therefore,

the FRC provided a reliable DOA indicator basedon featuresextractedfrom the AEP,

giving the anaesthetistthe possibility of usingbrain signalsaspart of day-to-day surgical

procedures. The cardiovascularparameters
�

SAP and
�

HR can also be usedto reinforce

theoveralldecisionscheme.

Remifentanilis a potentanalgesicwith a stronginteractionwith propofol. Its rapid onset

andoffsetof actionmakeit ideal for generalanaesthesiawith a fastandefficient response

to the effectsof surgicalstimuli. Remifentanilhasa synergisticinteractionwith propofol,

hence, theeffectsof propofolarepotentiatedby theuseof remifentanil. Fromthefamily of

syntheticopioids, remifentanilpresentsthe strongestinteractionwith propofol. In fact, the

optimal concentrationof propofol is largely reducedin the presenceof remifentanil. In

addition, the useof this opioid can also reducethe recoverytime. A patientmodel was

developedto determinetheeffectsof thesetwo drugson thecardiovascularparameters(i.e.

SAP and HR) and on the AEP features. The objectivewas to establishthe effectsof the

interaction betweenthe two drugs and how this affects the adequateinfusion rates to

maintain a stableDOA level. It is worth noting that the two drugs interact only in the

presenceof stimuli.

A patient model was developedfor the two phasesof anaesthesia, i.e. induction and

maintenance. In the induction phase, remifentanil acts by reducing the haemodynamic

responseto intubationwhich is theonly strongstimulusduringthis phase. It wasfoundthat

the cardiovascularparametersare largely affectedby propofol. Therefore, Hill equation

models were optimized and used to model the cardiovascularparameters, and linear

quadraticmodelsweredevelopedto determinetheeffectof remifentanilon theresponseto

205



_________________________________________________________________________________________________________________________________________________________
Chapter 7: Conclusions and Recommendations

intubation. TheAEP arenot a reliablesignalduring the inductionphase, dueto thedrastic

changesin thedrugsconcentrationsandtrachealintubation.

The maintenancephaseis the longestand most important phaseof generalanaesthesia,

sinceit is theperiodcorrespondingto thesurgicalprocedure. In addition, surgicalstimulus

is almosta continuouseventthroughoutthemaintenancephaseandtheinteractionbetween

the two drugsis an importantaspect. The anaesthetistis confrontedwith the dilemmaof

which drug to changein responseto the DOA level. Surgical stimulus causesarousal,

hence, theanalgesicpropertiesof remifentanilhaveto betitratedsoasto block thestimulus

effect.

The effect concentrationgovernsthe drug effect, sinceit is in the effect site that the drug

exerts its action. Therefore, a fuzzy structureof models was built to relate the effect

concentrationsof both drugs with the patientsvital signs. Only the pharmacodynamic

interactions were considered, since they have a higher clinical importance than the

pharmacokineticinteractions, whichareobscuredby theinter-patientvariability.

The Adaptive Network-Based Fuzzy Inference System (ANFIS) was used to adapt

Takagi-Sugeno-Kang(TSK) fuzzy modelsfor � SAP, � HR andtheAEP features, basedon

clinical data. The fuzzy modelsled to acceptableerrorsandreflectedthe drugseffect and

synergisticinteraction. Consideringthat during the maintenancephasethe infusion rates

follow a specificprofile to maintaina stableDOA in thepresenceof stimulus, thesefuzzy

modelsare only valid within specifiedeffect concentrationsrangesand safetywarnings

haveto bebuilt in. Overall, this is a reasonablemodelthathelpsto understandtheeffectsof

the combinationof propofol and remifentanil. The modelhasa goodperformanceon the

checking data sets and clearly shows how SAP and HR respondto the drug related

synergism.

The patient model would not be complete if the effect of surgical stimulus was not

included. The anaesthetistexperiencewas used to constructa Mamdani type of fuzzy

modeldescribingtheeffectof surgicalstimuli. Theeffectconcentrationof remifentanilwas

usedto determinethe level of analgesiaandthe level of stimulusperceivedby thepatient.

This wasusedto establishthe effect of the stimuluson SAP andHR. It wasfound that: 1.

the DOA level hassomeinfluenceon the stimuluseffect; 2. the cardiovascularvariables

includea time-delayin responseto surgicalstimulus; 3. the stimuluseffect is 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

theAEP wasnot modelleddueto thelack of informationanddata. However, it is important

to establishthat thereis a relationbetweenthesetwo signalsandoneneedsto beawareof

its influenceon thestateof thepatient. In thefuture, SAPandHR maybeconsideredsafety

indicators, while theAEPrepresentawareness.

Overall, the developedpatientmodelhasan adequateperformancereflectingthe effect of

the drugsand of the surgicalstimuli. This model representsa typical patient’s behaviour

during a surgicalprocedure, and shouldbe recognizedas such. A model describingthe

drugseffectandinteractionsis very importantfor thedevelopmentof a closed-loop system

in anaesthesia. Theobjectiveof a controlsystemfor DOA is to determinetheinfusionrates

of theanaestheticandanalgesicdrugs, helpingtheanaesthetistto decidewhich drugshould

bechangedin responseto differentevents.

Thedevelopedpatientmodelwasusedto constructandtesttwo differentcontrolstructures.

First, a SISO fuzzy PI controller was developedusing GA optimization. The controller

determinesthe changein propofol infusion rate according to the DOA level and its

difference from the desiredOK level. The remifentanil infusion rate is consideredas

manually controlled by the anaesthetist. This is the most common option for control

systemsin anaesthesia. However, thepatientmodelconsiderstheeffectsof bothdrugsand

their interaction, hence, the propofol infusion ratewill reflect this information. The SISO

fuzzy PI controllerperformedbetterthana conventionalPI controller, leadingto a smaller

amountof drug infusedandbeingableto respondefficiently to set-point changes. This is

one of the advantagesof fuzzy logic controllers, which can prove to be robust against

disturbances.

Second, the developmentof a multivariablecontroller for simultaneousadministrationof

remifentanil and propofol during the maintenancephasewas reviewed. Consideringthe

complexity of the two componentsof anaesthesia(i.e. unconsciousnessand analgesia), a

multivariable fuzzy controller was developedwith the anaesthetist’s cooperation. The

anaesthetistexperiencewas incorporatedinto the control structureusing linguistic rules.

Accordingto the different possibilitiesfor the DOA level andfor the surgicalstimuli, the

multivariablecontrollerdefinestherequiredchangein theinfusionratesof thetwo drugs.

The controller is able to adjust the remifentanil infusion rate accordingto the stimulus

intensity, and takes advantageof the synergistic interaction to changeadequatelythe

propofol infusionrate. Propofolis titratedto lower infusionrates, decreasingtheamountof
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drug infused, and speedingup recovery. In addition, the controller ensuresadequate

analgesiaby titrating theremifentanilaccordingto stimulus.

The multivariablefuzzy controller was testedunderdifferent simulations, and responded

efficiently to different inductionprofiles, setpoint changesanddisturbances. The infusion

ratesof both drugswereadequatelychangedto achieveandmaintaina stableDOA level,

takingadvantageof theinteractionbetweenthetwo drugs. It wasfoundthat it is possibleto

modeltheinteractionbetweenpropofolandremifentanil, andto usesuccessfullythis model

to developa closed-loop systemin anaesthesiawith simultaneousautomaticcontrolof both

drugs.

Fuzzy logic techniquesproved to be efficient in incorporatinghumanknowledgefor a

bettersolutionin biomedicine. Thecomplexityof DOA, andtheunavailabilityof largedata

sets, makethis latter ideal for the applicationof fuzzy logic basedconcepts. The FRC, the

TSK pharmacodynamicmodels and the multivariable fuzzy controller were combined

successfully in a hybrid structure to provide a closed-loop simulation platform for

anaesthesia. This systemcanactasanadvisorto anaesthetistsin theoperatingtheatre.

In conclusion, theclosed-loopsystem:
� decreasestheamountof druginfused;
� reducestheanaesthetistworkload;
� canbeusedasanalarmsystem;
� processesandprovidesinformationaboutthebrainsignals(i.e. AEP);
� modelstheinteractionbetweenpropofolandremifentanil;
� administersbothdrugssimultaneouslytakingadvantageof theexistentsynergismand

adjustingto thepresenceof stimulus;
� leadsto anoverall increasein thepatient’s comfortandsafety.

7.2 Further Work

Thedevelopedpatientmodelrepresentsa typical patient’s responseto a surgicalprocedure.

Nevertheless, the gathering of more clinical data would be beneficial for improving

generalizationpropertiesof themodel. A balancedsetof datafrom differentpatientscould

beusedto developMamdanitypeof fuzzymodelsdescribingthedrugspharmacodynamics.

This would leadto a betterunderstandingof thedrugsrelationsandtheway theyaffect the

patientphysiologicalsystems. Additional clinical datacouldbeusedin extendedtestswith
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thedevelopedpatientmodel, andprovideoff-line testingof themultivariablecontroller.

Some aspectscould improve the patient model and, hence, the closed-loop simulation

systemas a whole. Clinical datacould be usedto study the existenceof the time-delay

betweenthe surgicalstimulusand the haemodynamicresponses, improving the quality of

analgesia. Researchon the effect of surgicalstimuli in the presenceof remifentanilon the

AEP is a real challenge. If a modelcouldbedeveloped, relatingthe level of analgesia, the

stimulus intensity and the effects on the brain signal, this would open a new area of

biomedicalstudies.

Geneticprogrammingcouldbeusedto decideon thenonlinearfunctionrelatingtheeffects

of eachdrug on the cardiovascularparametersto the final effect of the combinationof the

drugs. This could be usedto comparethe resultsof the patientmodel and provide new

information.

A measureof patient sensitivity to the two drugs could be studiedand included in the

patient model. A gain could be introduced in the pharmacokinetic and the

pharmacodynamicmodels. Therefore, the variability betweenpatientscould be accounted

for and used in testing and generalizationof the simulation system. In practice, the

anaesthetistis facedwith patientsrespondingin different ways to the samedrugs. If the

patient’s resistivity to the drug could be detectedanalysingthe initial responseduring the

inductionphase, this informationcouldbeincludedin thecontrolsystem. On-line Adaptive

FuzzyControllerscouldalsobeusedto dealwith theinterpatientvariability. Therefore, the

drugs would be titrated according to the DOA level, the surgical stimulus, the drugs

interactionandalsothepatient’s individual 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 anaesthesia, dueto specificanduniquepropertiesof remifentanil. Nevertheless,

different drugs interact differently and this researchcould be extended to several

combinationsof anaestheticandanalgesicdrugs.

A closed-loop simulationsystemhelpsto train the anaesthetistin the different aspectsof

DOA, andto developandtestdifferentcontrolstructures. It alsoplaysandimportantrole in

the studyof drug interactionsandpossiblesideeffects. However, the final objectiveis the

implementationof the systemin the operatingtheatre. The advantagesof suchan advisor

systemasa sourceof informationandrapidly achievingoptimalconditions, would improve

thequalityof generalanaesthesia.
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Appendix A

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 - Proportional-Derivative

PI - Proportional-Integral

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 - Total Intravenous Anaesthesia
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TSK - Takagi-Sugeno-Kang

VEP - Visual Evoked Potentials

WT - Wavelet Transform

�
SAP - Change in Systolic Arterial Pressure from Baseline

�
HR - Change in Heart Rate from Baseline
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Appendix B

Fuzzy Logic

B.1 Fuzzy Sets and Systems

Classical sets are crisply defined collections of distinct elements(numbers, symbols,

objects), and for this reasonare also called crisp sets. The elementsof all the setsunder

considerationin a given situationbelongto an invariable, constantset, calledthe universe

of discourse. Thefact thatelementsof a setA eitherbelongor do not belongto a crispsetA

canbeformally indicatedby thecharacteristicfunctionof A definedas:

�
A � x � � 1 if andonly if x � A

0 if andonly if x � A
B-1

wherethesymbols� and � denotethatx is andis not a memberof A, respectively. Thepair

of numbers� 0,1 � is calledthevaluationset. Anotherwayof writing EquationB-1 is:

	
A 
 x � : X � 
 0,1 � B-2

Thereis a restrictsenseof membershipto a setin classicalsettheory, i.e. anelementeither

belongsor doesnot belongto theset.

In 1965, Zadehlaunchedthefoundationof fuzzy settheory, wherea moreflexible senseof

membershipis possible. In fuzzysetsmanydegreesof membershipareallowed. Thedegree

of membershipto a set is indicatedby a numberbetween0 and 1, i.e. a numberin the

interval � 0,1� . Fuzzysetsgeneralizethevaluationsetfrom thepair of numbers� 0,1 � to all

numbersfound in � 0,1 � . By expandingthe valuationset the natureof the characteristic

function is altered, and called membershipfunction and denotedby � A � x � . Therefore, an

infinite numberof membershipdegreesarepossible, sincethereis aninfinity of numbersin
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the interval � 0,1 � . The membershipfunction maps every element of the universe of

discourseX to theinterval � 0,1 � , andthis is written as:

�
A � x � : X � � 0,1 � B-3

Membershipfunctionsarea mathematicaltool for indicatingflexible membershipto a set,

and for modelling and quantifying the meaningof symbols. Membershipfunctionsmay

representanindividual’s subjectivenotionof a valueclass.

Definition B.1. A fuzzy setin anuniverseof discourseX is characterizedby a membership

function �
A � x � thattakesvaluesin theinterval � 0,1 � .

Fuzzysystemsareknowledge-basedor rule-basedsystems. In thecentreof a fuzzy system

is a knowledgebaseconsistingof theso-calledIF-THEN rules. A fuzzy IF-THEN rule is an

IF-THEN statementin which somewords are characterizedby continuousmembership

functionsForexample, thefollowing is a fuzzy IF-THEN rule:

IF the speed of a car is low, THEN apply less force to the accelerator B-4

wherethewords“high” and“ less” arecharacterizedby membershipfunctions. A fuzzy set

is constructedfrom a collectionof fuzzy IF-THEN rules. Formally:

IF premise (antecedent), THEN conclusion (consequent) B-5

In thelinguistic fuzzysystem(alsocalledtheMamdanimodel), boththeantecedentandthe

consequentarefuzzypropositions. A generalform of thelinguistic fuzzy rulesis:

R i : If x is A i theny is B i, i � 1,2,. . . ,K B-6

wherex is theantecedentvariable, which representsthe input to the fuzzy system, andy is

the consequentvariable representingthe output of the fuzzy system. In most cases,

real-valuedvectorinputsandoutputsareused: x � X �  p andy ! Y "  q. A i andB i are

linguistic terms (fuzzy sets) defined by multivariable membership functions#
Ai $ x % : X & ' 0,1 ( and #

Bi $ y % : Y & ' 0,1 ( , respectively. Finally, K denotesthe numberof

rulesin thesystem.

Insteadof consideringthe fuzzy IF-THEN rules in the form of Equation B-6, in the

Takagi-Sugeno-Kang (TSK) system, the rulesconsequentarecrisp functionsof the model

inputs:
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R i : If x is A i theny i ) fi * x + , i ) 1,2,. . . ,K B-7

where x , - p is the input (antecedent) variable and y i , - is the output (consequent)

variable. R i denotesthe ith rules, andK is the numberof rules in the rule base. A i is the

antecedentfuzzysetof the ith rule. As in thelinguisticmodel, theantecedentproposition“x

is A i” is usuallyexpressedasa logical combinationof simplepropositionswith invariant

fuzzysetdefinedfor theindividual componentsof x, oftenin theconjunctiveform:

R i : If x1 is A i1 andx2 is A i2 and... andxp is A ip theny i ) fi * x + , i ) 1,2,. . . ,K B-8

The consequentfunctions fi are typically chosenas instancesof a suitableparameterised

function, whosestructureremainsequalin all the rulesandonly in theparametersvary. A

specialcaseof theTSK fuzzy systemsis thesystemthatusesrulesin the form of Equation

B-8 but fi * x + is a linearfunctionof x: fi * x + ) c ix . bi wherec i andbi areconstants.

B.2 Fuzzy Sets Operations and Properties

AssumethatA andB arefuzzysetsdefinedin thesameuniverseof discourseU.

1. A andB areequalif anonly if / A 0 x 1 2 / B 0 x 1 for all x 3 U.

2. B containsA, denotedby A 4 B, if andonly if / A 0 x 1 5 6 B 7 x 8 for all x 9 U.

3. Thecomplementof A is a fuzzysetA in U whosemembershipfunctionis definedas:

6 A 7 x 8 : 1 ; < A = x > B-9

4. The union of A and B is a fuzzy set in U, denotedby A ? B, with the membership

functiondefinedas(FigureB-1):

@
A A B B maxC D A E x F , D B E x F G B-10

5. Theintersectionof A andB is a fuzzysetA H B with membershipfunction(FigureB-2):

I
A J B K min L M A N x O , M B N x O P B-11

6. Morgan’sLawsaretruefor fuzzysets:

A Q B K A R B B-12
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A S B T A U B B-13

7. ExtensionPrinciple1: If A is a fuzzy setin theuniverseU andf is a mappingfrom U to

theuniverseof discourseV suchthaty T f V x W , thentheextensionprincipleallowsto define

a fuzzysetB in V suchthat:

B T f V A W T V y, X B V y W W y T f V x W , x Y U B-14

where,

X B V y W T supX A V x W if f Z 1 [ y \ ] 0

0 if f ^ 1 _ y ` a 0
B-15

8. Zadeh’s Principle: Let X bea cartesianproductof theuniversesU1,U2, . . . ,Un suchthat

X a U1 b U2 b . . . b Un and A1,A2, . . . ,An are fuzzy setsin theseuniverses. f is a mapping

from X to the universeof discourseV, wherey c f d x1,x2, . . . ,xn e . The fuzzy setB in V is

definedas:

B d y, f B d y e e y c f d x1,x2, . . . ,xn e , d x1,x2, . . . ,xn e g X B-16

where

f B d y e c supmin h f A1 d x1 e , . . . , f An d xn e i if f j 1 d y e k 0, d x1,x2, . . . ,xn e g f j 1 d y e
0 if f j 1 d y e c 0

B-17

FigureB-1: Unionof fuzzysetsA andB.
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FigureB-2: Intersectionof fuzzysetsA andB.

B.3 Properties of a Fuzzy System (Set of Rules)

1. A set of fuzzy IF-THEN rules is completeif for any x l U, thereexistsat leastone

rule-base, sayrule R l (in theform of EquationsB-6 or B-7), suchthat

m
Ai

l n x i o p 0 B-18

for all i q 1,2,. . . ,K.

2. A setof fuzzy IF-THEN rulesis consistentif thereareno ruleswith thesameIF partsbut

differentTHEN parts.

3. A setof fuzzy IF-THEN rulesis continuousif it doesnot exist suchneighbouringrules

whoseTHEN partfuzzysetshaveemptyintersection.

B.4 Fuzzy Relations

In a fuzzy inferenceengine, fuzzy logic principlesareusedto combinethe fuzzy IF-THEN

rulesin the fuzzy rule baseinto a mappingfrom a fuzzy setA in U to a fuzzy setB in V. A

fuzzy relationof theform:

If A thenB or A r B B-19

is denotedasR (relationalmatrix) andis definedasa relationshipof two fuzzy setsA l U,

B l V, and it is a subseton the Cartesianproduct U s V. R is characterizedby the
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membershipfunction t R u x,y v , x w U, y w V suchthat:

R x A y B x z { R | x,y } / | x,y } ~ z min | { A | x } , { B | y } }
z { A | x } { B | y } B-20

the z representsall possiblecombinationsof all elementsof both universesof discourse

andnot themathematicaloperationsum.

If R is a fuzzy relationin U � V andA is a fuzzy setin U thenthe fuzzy setB in V is given

by:

B ~ A � R B-21

B is inferred from A using the relationalmatrix R which definesthe mappingbetweenU

andV, andtheoperation� is definedasthe“max-min” 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. Becausein mostapplicationsthe input andoutputof

thefuzzysystemarerealvaluednumbers, interfacesmustbeconstructedbetweenthefuzzy

inferencesystemandthe environments. The interfacesarethe fuzzifier andthe defuzzifier

(FigureB-3).

FigureB-3: Basicconfigurationof fuzzysystemswith fuzzifier anddefuzzifier.
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Fuzzysystemscanbeusedeitherasopen-loop controllersor closed-loop controllers. When

used as an open-loop controller, the fuzzy system usually sets up some controller

parametersand then the systemoperatesaccordingto theseparameters. When usedas a

closed-loop controller, the fuzzy systemmeasuresthe outputsof the processand takes

controlactionson theprocesscontinuously. However, fuzzysystemshavebeenappliedto a

wide variety of fields rangingfrom control, signalprocessing, communicationsandexpert

systems(modelling).

B.5.1 Fuzzifiers

Fuzzification is the processwhich allows to converta numeric input into a fuzzy input.

Therearetwo typesof fuzzifiers.

Fuzzificationmapsa crispinput x i � U into a fuzzysetAxi in U suchthat:

1. Axi is a fuzzysingleton:

�
Axi � x � � 1 if x � x i

0 otherwise
B-22

2. Axi is a fuzzyset(triangular, trapezoidal, Gaussian):

�
Axi � x � � 1 if x � x i

decreasesfrom 1 asx movesfrom x i

B-23

B.5.2 Defuzzifiers

Defuzzification is the conversion of a fuzzy quantity into a crisp one. Formally, a

defuzzifieris definedasa mappingfrom fuzzy setB in V � � (which is the outputof the

fuzzy inferenceengine) to a crisp point y � � V. The defuzzifierspecifiesa point in V that

best representsthe fuzzy set B. The following three criteria should be consideredin

choosinga defuzzificationscheme:

� Plausibility: thepoint y � shouldrepresentB from anintuitive pointof view;

� Computationalsimplicity;
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� Continuity: a smallchangein B shouldnot resultin a largechangein y � .

Thedefuzzifieris only necessaryfor theMamdanisystemtype. Threedifferentdefuzzifiers

arepresentednext.

B.5.2.1 Centre of Gravity Defuzzifier

The centreof gravity defuzzifier specifiesy � as the centreof the areacoveredby the

membershipfunctionof B, thatis:

y � �
�

V
y � B � y � dy�

V � B � y � dy
B-24

where
�

V
is theconventionalintegral.

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 theweightedaverageof thecentersof the M fuzzy sets, with theweights

equalto heightsof the correspondingfuzzy sets. Let y l be the centreof the l’ th fuzzy set

andwl beits height, thecentreaveragedefuzzifierdeterminesy � as:

y � � � l� 1
M

y lw l�
l � 1
M

w l

B-25

B.5.2.3 Maximum Defuzzifier

The maximum defuzzifier choosesy � as the point in V at which � B � y � achievesits

maximumvalue. Definetheset:

hgt � B � � y   V|� B � y � �
y ¡ V
sup ¢ B £ y ¤ B-26

hgt £ B ¤ is the set of all points in V at which ¢ B £ y ¤ achievesits maximum value. The

maximumdefuzzifierdefinesy ¥ asanarbitraryelementin hgt £ B ¤ .
y ¥ ¦ anypoint in hgt £ B ¤ B-27
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B.6 Fuzzy Control

A simplefuzzy logic controllercangenerallybe depictedby a block diagramsuchasthat

shown in Figure B-4. A numberof assumptionsare implicit in a fuzzy control system

design:

1. The plant is observableand controllable: state, input, and output variablesare usually

availablefor observationandmeasurementor computation;

2. There exists a body of knowledgecomprisedof a set of expert productionlinguistic

rules;

3. A solutionexists;

4. The control engineeris looking for a “good enough” solution, not necessarilythe

optimumone;

5. A controller will be designedto the best of the availableknowledgeand within an

acceptablerangeof precision;

6. The problemsof stability and optimality are still open problemsin fuzzy controller

design.

The knowledge-basemodule in Figure B-4 containsknowledgeabout all the input and

output fuzzy partitions. It includes the term set and the correspondingmembership

functions defining the input variables to the fuzzy rule-base system and the output

variables, or controlactions, to theplantundercontrol.

Thestepsin designinga simplefuzzy logic controlsystemareasfollows:

1. Identify thevariables(input, states, andoutputs) of theplant;

2. Partitiontheuniverseof discourseor theintervalspannedby eachvariableinto a number

of fuzzy subsets, assigningeacha linguistic label (subsetsincludeall the elementsin the

universe);

3. Assignor determinea membershipfunctionfor eachfuzzysubset;

4. Assign the fuzzy relationshipsbetweenthe inputs (or states) fuzzy subsetson the one
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handandtheoutputsfuzzysubsetson theotherhand, thusforming therule-base;

5. Chooseappropriatescaling factors for the input and output variables in order to

normalizethevariablesto the § 0,1 ¨ or the § © 1,1 ¨ interval;

6. Fuzzify theinputsto thecontroller;

7. Usefuzzyappropriatereasoningto infer theoutputcontributedfrom eachrule;

8. Aggregatethefuzzyoutputsrecommendedby eachrule;

9. Apply defuzzificationto form a crispoutput.

Theresultsof theninestepsmentionedabovearefixed in a nonadaptivesimplefuzzy logic

controller. In an adaptivefuzzy logic controller, they are adaptivelymodified basedon

someadaptationlaw in orderto optimizethecontroller.

FigureB-4: A simplefuzzy logic controlsystemblockdiagram.

B.6.1 Fuzzy Linguistic Controllers

Thecoreof a fuzzy controlleris a linguistic descriptionprescribingappropriateactionfor a

given state. Fuzzy linguistic descriptionsinvolve associationsof fuzzy variables and

proceduresfor inferring. In order to designa proportional-integral-derivative (PID) like

fuzzy controller, it is necessaryto choosetheinput andoutputvariablesandtherulesof the

controller.

B.6.1.1 Input Variables

The most commoninput variable in fuzzy control is the error, or e. It is definedon the
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universeof discourseof crisp error e, which is the deviationof somemeasuredvariabley

from a setpointor referencer. At anytimetime t ª k crisperroris definedas:

e « k ¬ ª r ­ y « k ¬ B-28

The changein error, ® e, betweentwo successivetime stepsis alsocommonlyusedasan

input variable. It is definedon the universeof discourseof crisp changesin error. At time

t ¯ k the crisp changein error is the differencebetweenthe presenterror andthe error in

theprevioustime stept ¯ k ° 1

® e ¯ e ± k ² ° e ± k ° 1² B-29

The sumof errors e ± k ² may be usedasan input fuzzy variablealso. It takesinto account

theintegratedeffectof all pasterrorsandis definedas:

e ± k ² ¯ ³ i ´ 1
k e ± i ² B-30

B.6.1.2 Output Variables

Outputvariablesmaybeanydirectly manipulatedvariable. An outputfuzzy variableu can

be definedon the universeof discourseof a crisp manipulatedvariable. The changein

output ® u is moreoftenusedastheoutputvariable. ® u indicatestheextentof changeof the

control variable u at time t ¯ k, i.e. the changein action. Therefore, if the defuzzified

outputat time k is ® u µ ± k ² , theoverallcrispoutputof thecontrollerwill be:

u ± k ² ¯ u ± k ° 1² ¶ ® u µ ± k ² B-31

B.6.1.3 IF-THEN Rules and Inference

For the proportional fuzzy controller, as a SISO fuzzy controller, the rule-basecan be

constructedin a symmetricfashionwith rulesof thefollowing form:

1. If e is NB thenu is NB

2. If e is NM thenu is NM

3. If e is NS thenu is NS

4. If e is ZE thenu is ZE

5. If e is PSthenu is PS

6. If e is PM thenu is PM
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7. If e is PB thenu is PB

whereNB, NM, NS, ZE, PS, PM, andPB arelinguistic valuesrepresenting“negativebig” ,

“negativemedium”, “negativesmall” , “zero” , “positivesmall” , andsoon.

A fuzzy controller emulating a conventional proportional-derivative (PD) model of

controllerwouldconsistof rulesof theform:

If e is A and · e is B thenu is C B-32

Thecompletesetof rulesis shownin tabulatedform in TableB-1.

TableB-1: Ruletablefor a PD fuzzycontroller.

Output changeof error ¸ e ¹ k º
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

PS NM NS ZE PS PM PB PB

PM NS ZE PS PM PB PB PB

PB ZE PS PM PB PB PB PB

A proportional-integral(PI) controllerwouldhaverulesof theform:

If e is A and » e is B then » u is C B-33

Thecompletesetof rulesis shownin tabulatedform in TableB-2.

TableB-2: Ruletablefor a PI fuzzycontroller.

Output changeof error ¼ e ½ k º
¼ 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

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 configurations, not all controllershavethe

sameconfiguration, this dependson thespecificproblemat hand.

Therule form of a PID like fuzzycontrolleris:

If e is A and ¾ e is B and e is C thenu is D B-34

Thepreviousfuzzy algorithmsarepresentedin termsof rulesinvolving fuzzy valuesasthe

outputvariable, suchrulesare the Mamdanirules. Howeverseveralfuzzy controllersuse

ruleswheretheoutputvariableis givenin termsof a functionalrelationof the inputs(TSK

systems, EquationB-7).

B.7 References

Akay, M. (2000). Nonlinear Biomedical Signal ProcessingVol I : Fuzzy Logic, Neural
NetworksandNew Algorithms, IEEE PressSerieson BiomedicalEngineering, M.
Akay, ed., IEEEPress.

Babuska, R. (1998). Fuzzy Modeling for Control, Kluwer AcademicPublishers, Aschen,
Germany.

Ross, T. (1995). Fuzzy Logic with EngineeringApplications, McGraw-Hill , Inc., United
Statesof America.

Tsoukalas, L. H., andUhrig, R. E. (1996). FuzzyandNeuralApproachesin Engineering,
JohnWiley.

Wang, L.-X. (1997). A Coursein FuzzySystemsandControl, Prentice-Hall , Inc., United
Statesof America.

Zadeh, L. A. (1965). “Fuzzysets.” InformationandControl, 8(3), 338-353.

253



Appendix C

Multiresolution Wavelet Analysis

The objective of signal analysisis to devisea transformationthat representsthe signal

featuressimultaneouslyin time and frequency. StandardFourieranalysisdecomposesthe

signalinto frequencycomponentsanddeterminesthe relativestrengthof 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 event took place. The

short-time Fourier Transform(STFT) analysesa small sectionof the signal at a time, it

mapsa signalinto a two-dimensionalfunctionof time andfrequency. TheSTFTdrawback

is thatoncea particularsizefor thetime window in chosen, thatwindow is thesamefor all

frequencies. Wavelet analysisis a windowing techniquewith variable-sized regions. It

allows the use of long time intervals when more preciselow frequencyinformation is

required, and shorter regions for high frequencyinformation. Wavelet analysishas the

ability to performlocal analysis.

C.1 Fourier Transform

TheFouriertransformrulesover linear time-invariantsignalprocessingbecausesinusoidal

waves e i� t are eigenvectorsof linear time-invariant operators. A linear time-invariant

operatorL is entirelyspecifiedby theeigenvalues
�
h

� � �
:

� � � �
, Lei 	 t 
 �h � 
 � e i � t C-1

To computeLf, a signalf is decomposedasa sumof sinusoidaleigenvectors� e i � t � � � � :

f � t � � 1
2� � � �� �

F �  ! e i " td C-2
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If f hasa finite energy, the theoryof Fourier integralsprovesthat the amplitudeF # $ % of

eachsinusoidalwavee i & t is theFouriertransformof f:

F # $ % ' ( ) *+ *
f # t % e

)
i & tdt C-3

Applying the operatorL to f in EquationC-2 and insertingthe eigenvectorexpressionof

EquationC-1 gives:

Lf # t % ' 1
2, ( ) *+ *

F # $ % -h # $ % e i& td $ C-4

The operatorL amplifiesor attenuateseachsinusoidalcomponente i & t of f by -h # $ % . It is a

frequencyfiltering of f.

If the frequencycontentof a signalwereto vary drasticallyfrom interval to intervalasin a

musicalscale, the standardFourier 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 windowedshort-time Fouriertransform(STFT), movesa fixed-durationwindow over

thetime functionandextractsthefrequencycontentin that interval. This would besuitable

for signalsthatarelocally stationary, but globallynonstationary.

The STFT positionsa window g # t % at somepoint . on the time axis, and calculatesthe

Fouriertransformof thesignalwithin theextentor spreadof thatwindow:

F / 0 , . 1 2 3 4 56 5
f / t 1 g 7 8 t 9 : ; e < i= tdt C-5

Theinnerproductbetweentwo functionsis denotedby:

>
f,g ? @ A B CD C

f E t F g G E t F dt C-6

Whenthewindow g E t F is Gaussian, theSTFTis calleda Gabortransform. Thebasisof this

transformis generatedby modulationandtranslationof thewindow functiong E t F , where H
and I aremodulationandtranslationparameters, respectively. Thedifficulty with theSTFT

is that the fixed-durationwindow g E t F is accompaniedby 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, correspondingto the time andfrequency. These

transformsarehighly redundantin theparametersJ K , L M .
C.1.1.1 Discrete Short-Time Fourier Transform

An appreciationof the time-frequency propertiesof the STFT can be developedby

discretising J K , L M , sampling the continuousSTFT, EquationC-5, on a uniform grid to

obtainthediscreteSTFT. With:

K N m K 0 L N nL 0 C-7

F J m,n M N O P QR Q
f J t M g S J t T n L 0 M e

P
im U 0tdt N V f J t M ,e im U 0tg S J t T nL 0 M W C-8

This is alsotheinnerproductbetweenf J t M andthewindowedsinusoide imU 0t overthespread

of g J t T nL 0 M .
The STFT can be interpretedas the convolution of Xg Y Z [ \ g ] ^ _ ` a with the modulated

signale b ic tf ^ t a
F ^ d , t a e fg ^ t a g e h i i tf j t k C-9

Thediscretisationcanbecarryevenfurthersothat thetime function itself is sampled, f j n k .
Thediscreteversionof theSTFTis then:

F j k,n k l m
m n o pp g q m r n s f q m s e o i 2t

M
km, k u 0,1,. . . ,M v 1 C-10

whereg w m x is a sampledwindow functionof finite extent(or compactsupportM).

C.1.1.2 Continuous Short-Time Fourier Transform

ThecontinuousSTFT(EquationC-5) is a functionof thecontinuousvariablesy and z . The

STFTcanbeconceptualizedasthelimit of thediscreteSTFTof EquationC-8 asm y 0 { |
and n } 0 { } . The discretefunction definedon the grid points involves into a continuous

function over the | , } plane. The interpretationof constant resolution cells is still

applicable, with m | 0 ~ | , andn} 0 ~ } .

To summarizetheseproperties, for g � t � � L2 � � � let

F � | , } � ~ f � t � e � i� t � �g � } � ~ � � �� � f � t � g � � t � } � e � i� tdt C-11

256



_________________________________________________________________________________________________________________________________________________________
Appendix C: Multiresolution Wavelet Analysis

Thatis, thetransformis a highly redundantmappingL2 � � � � L2 � � 2 � . It canbeshownthat

thereconstructionformulais:

f � t � � 1
2� � � �� � � � �� �

F � � , � � g � t � � � e i� td � d� C-12

C.2 Wavelet Transform

Certain signals can be modelled suitably by combining translationsand dilations of a

simple, oscillatoryfunctionof finite durationcalleda wavelet. A waveletis a waveformof

effective limited duration that has an averagevalue of zero. Wavelet analysis is the

breakingupof a signalinto shiftedandscaledversionsof theoriginal (or mother) wavelet.

Consider a real or complex-value continuous-time function � � t � with the following

properties:

1. Thefunctionintegratesto zero:

� � �  �
� � t � dt ¡ 0 C-13

2. It is squareintegrableor, equivalently, hasfinite energy:

� � �  �
|� � t � |2dt ¢ £ C-14

The function ¤ ¥ 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 Continuous-Time Wavelet Transform

(CWT) or continuous-time wavelet transformof f ¥ t ¦ with respectto a wavelet ¤ ¥ t ¦ is

definedas:

W ¥ a,b ¦ § ¨ © ª« ª
f ¥ t ¦ 1

|a|
¤ ¬ ¥ t

©
b

a ¦ dt C-15

wherea andb arerealand ­ denotescomplexconjugation. Thus, thewavelettransformis a

function of two variables. Both f ¥ t ¦ and ¤ ¥ t ¦ belongto L2 ¥ ® ¦ , the setof squareintegrable
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functions, also called the set of energysignals. EquationC-15 can be written in a more

compactform by defining ¯ a,b ° t ± as:

¯ a,b ° t ± ² 1

|a|
¯ ° t³ b

a ± C-16

Then, combiningEquationsC-15 andC-16,

W ° a,b ± ² ´ ³ µ¶ µ
f ° t ± ¯ a,b

· ° t ± dt C-17

Noticethat

¯ 1,0 ° t ± ² ¯ ° t ± C-18

Thenormalizingfactorof 1

|a|
ensuresthattheenergystaysthesamefor all a andb:

´ ³ µ¶ µ
|̄ a,b ° t ± |2dt ² ´ ³ µ¶ µ

|̄ ° t ± |2dt C-19

For anygivenvalueof a, the function ¯ a,b ° t ± is a shift of ¯ a,0 ° t ± by anamountb alongthe

time axis. Thevariableb representstime shift or translation. From:

¯ a,0 ° t ± ² 1

|a|
¯ ° t

a ± C-20

it follows that ¯ a,0 ° t ± is a time-scaledand amplitude-scaledversion of ¯ ° t ± . Since a

determinesthe amountof time scalingor dilation, it is referredto as the scaleor dilation

variable. If a ¸ 1, thereis a stretchingof ¹ º t » along the time axis, whereasif 0 ¼ a ¼ 1,

thereis a contractionof ¹ º t » . Negativevaluesof a resultin a time reversalin combination

with dilation. As a increases, waveletsarestretchedandanalyselow frequencies, while for

small a, contractedwaveletsanalysehigh frequencies. Sincethe CWT is generatedusing

dilatesandtranslatesof thesinglefunction ¹ º t » , thewaveletfor thetransformis referredto

asthemotherwavelet.

TheCWT is essentiallya collectionof innerproductsof a signalf º t » andthe translatedand

dilatedwavelet¹ a,b º t » for all a andb:

W º a,b » ½ ¾ f º t » , ¹ a,b º t » ¿ C-21

C.2.1.1 The Continuous-Time Wavelet Transform as an Operator

The CWT takesa memberin the setof squareintegrablefunctionsof onereal variablein
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L2 À Á Â andtransformsit into a memberof the setof functionsof two real variables. It can

beseenasa mappingoperatorfrom L2 À Á Â to thelatterset.

W Ã Ä f Å t Æ Ç È W É a,b Ê C-22

ThenW Ë Ì Ç is to beread “CWT with respectto Í É t Ê of” . Thetransformdependsnot only on

the function f É t Ê but also on the motherwavelet. Theseare somepropertiesof the CWT

usingtheoperatornotation:

1. Linearity

W Ë Ì Î f Ï t Ð Ñ Ò g Ó t Ô Õ Ö × W Ø Ù f Ó t Ô Õ Ú Ò W Ø Ù g Ó t Ô Õ C-23

for scalars× and Ò andfunctionsf Ó t Ô , g Ó t Ô Û L2 Ó Ü Ô .
2. Translation

W Ø Ù f Ó t Ý Þ Ô Õ Ö W Ó a,b Ý Þ Ô C-24

3. Scaling

W Ø 1ß f à 1ß á â
W à aß , bß á

C-25

for ã ä 0.

4. Waveletshifting: Let å à t á â å à t æ ç á
. Then

W è é f à t
á ê â

W à a,b ë aç á
C-26

TheCWT obtainedby shifting thewaveletis differentfrom theoneobtainedby shifting the

signal.

5. Waveletscaling: Let å à t á â è ì t/ í î
|ï |

. Then

W ð ñ f ò t ó ô õ W ò a ö ,b ó C-27

CWT is a scaledversionof theoriginal in thea variable.

6. Linear combination of wavelets: Given two wavelets ÷ 1 ò t ó and ÷ 2 ò t ó , their linear

combinationö ÷ 1 ò t ó ø ù ÷ 2 ò t ó for scalarsö and ù is alsoa wavelet.
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W ú û 1 ü ý þ 2 ÿ f � t � � � � W þ 1 ÿ f � t � � � � W þ 2 ÿ f � t � � C-28

C.2.1.2 Inverse Continuous-Time Wavelet Transform

If themotherwaveletsatisfiesthe(sufficient) condition:

C � � � 	
 	
|� � 
 � |2

|
 |
d� C-29

where� � � � is theFouriertransformof � � t � , andis suchthat0 � C � � , then

f � t � � 1
C � a� � �

� � � b� � �
� � 1

|a|2
W � a,b � � a,b � t � da db C-30

Theconditionin EquationC-29 is knownastheadmissibilityconditionon � � t � .
EquationC-30 expressesW � a,b � asthe convolutionof f � t � and � a,0 � � b � . In the frequency

domainthis becomes

� b � � �
� �

W � a,b � e � jwbdb � |a|F � � �  ! � a � � C-31

whereF � � � and  � � � aretheFouriertransformsof f � t � and � � t � respectively. Multiplying

bothsidesof EquationC-31 by  � a � � /|a|3/2 andintegratingwith respectto a yields

� a� � �
� � � b� � �

� � 1
|a|3/2 W � a,b �  � a � � e � j" bda db � F � � � � a � � �

� � |# $ a " % |2
|a|

da C-32

and

� a � � �
� � |# $ a " % |2

|a|
da � � " � � �

� � |# $ " % |2
|w|

d � � C C-33

whereC is theconstantfrom theadmissibilitycondition. Therefore,

F � � � � 1
C � a� � �

� � � b� � �
� � 1

|a|3/2 W � a,b �  � a � � e � j" bda db C-34

The expressionof the inverseCWT in EquationC-30 is obtainedby taking the inverse

Fouriertransformonbothsidesof EquationC-34.

C.2.2 Discrete-Time Wavelet Transform

The discrete-time wavelet transform (DTWT) is generatedby sampling the wavelet
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parameters& a,b ' ona grid or lattice.

Let thesamplinglatticebe

a ( a0
m b ( nb0a0

m C-35

sothat

)
mn & t ' ( a0

* m/2 ) & a0
* mt + nb0 ' C-36

wherem, n , Z. If this set is completein L2 & - ' for somechoiceof ) & t ' , a, b, then the. )
mn / are called affine wavelets. Then we can express any f & t ' , L2 & - ' as the

superposition:

f & t ' (
m

0
n

0
dm,n

)
mn & t ' C-37

wherethewaveletcoefficientdm,n is theinnerproduct:

dm,n ( 1 f & t ' , )
mn & t ' 2 ( 1

a0
m/2 3 f & t ' ) & a0

* mt + nb0 ' dt C-38

Thetwo-dimensionalsequencedm,n is commonlyreferredto astheDTWT of f & t ' . DTWT is

still the transformof a continuous-time signal. The discretisationis only in the a and b

variables.

Theorthonormalwavelets
. )

mn / satisfy:

3 )
mn & t ' )

m 4 n 4 5 t 6 dt 7 1 m 7 m 8 , n 9 n 8
0 otherwise

C-39

and are orthonormal in both indices. This means, that for the samescale m they are

orthonormalin time, andtheyarealsoorthonormalacrossthescales.

C.2.3 Examples of Wavelets

C.2.3.1 Daubechies Wavelets

Daubechieswavelets have a support of a minimum size for any given number p of

vanishingmoments. Theyarewaveletsof compactsupportandcanbecomputedwith finite
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impulse responseconjugatemirror filters h. Considerthe real causalfilters h : n ; , which

impliesthat <h is a trigonometricpolynomial:

<h = > ? @ A
nB 0
NC 1 h : n ; e C inD C-40

To ensurethat E hasp vanishingmoments, <h must havea zero of order p at F @ G . A

minimumsizepolynomialhavingp zerosat H I G , is:

J
h K H L I 2 1M e N iO

2

p
R P e Q i R S C-41

Thedifficulty is to designa polynomialR P e Q i R S of minimumdegreem suchthat Th satisfies:

Th P U S 2 V Th P U V W S 2 X
2 C-42

As a result, h has N
X

m
V

p
V

1 non-zero coefficients. The minimum degreeof R is

m
X

p Y 1.

Theminimumdegreepolynomial

R P e Q iR S X
r0 Z k[ 0

m \ 1 ] ake ^ iw _ C-43

Let z ` e ^ i a :

R \ z _ R \ z ^ 1 _ ` r0
2 Z k [ 0

m \ 1 ] akz _ \ 1 ] akz ^ 1 _ C-44

To designR \ z _ that satisfiesEquationC-44, lets chooseeachroot ak of R amonga pair\ ck,1/ck
_ and include akb as a root to obtain real coefficients. This proceduresyields a

polynomial of minimum degree m ` p ] 1, with r0
2 ` 2p̂ 1. The resulting filter h of

minimumsizehasN ` p c m c 1 ` 2p nonzerocoefficients.

If d is a waveletwith p vanishingmomentsthat generatesan orthonormalbasisof L2 \ e _ ,
then it hasa supportof size larger than or equal to 2p ] 1. A daubechieswavelethasa

minimum size support equal to f ] p c 1,p g . The support of the correspondingscaling

function h is i 0,2p j 1k . FigureC-1 displaysthegraphsof l for p m 2,3,. . . ,10.
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FigureC-1: Daubechieswaveletn with p o 2,3,4,5,6,7,8,9,10 vanishingmoments.

C.2.3.2 Coiflet Wavelets

The family of coiflet wavelets p hasp vanishingmomentsand a minimum size support,

andthescalingfunctionssatisfy:

q r s
t t dt u 1 and

q
tk

r s
t t dt u 0 for 1 v k v p C-45

Suchscalingfunctionsareuseful in establishingprecisequadratureformulas. The coiflets

waveletsw areshowsin FigureC-2.

FigureC-2: Coifletswaveletswith p x 1,2,3,4,5.

C.2.3.3. Mexican Hat Wavelets

The mexicanhat waveletis equalto the secondderivativeof a Gaussian. The normalised

mexicanhatwaveletis:

w y t z { 2| 1/4 3} t2} 2 ~ 1 exp � t2

2} 2 C-46
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For � � 1, FigureC-3 plots � � .

FigureC-3: Mexicanhatwaveletfor � � 1.

C.2.3.4 Meyer Wavelets

A meyerwaveletis a frequencyband-limited function whoseFouriertransformis smooth.

This smoothnessprovidesa much faster asymptoticdecay in time. Thesewaveletsare

constructedwith conjugatemirror filters �h � � � thatareCn andsatisfy:

�h � � � � 2 if � � � � � /3, � /3�
0 if � � � � � , � 2� /3� � � 2� /3, � � C-47

The only degree of freedom is the behaviour of �h � � � in the transition bands

� � 2� /3, � � /3� � � � /3,2� /3� . It mustsatisfythequadraturecondition:

�h � � � 2 � �h � � � � � 2 �
2 C-48

andto obtainCn junctionsat |� |
� � /3 and|� |

�
2� /3, thenn first derivativesmustvanish

at theseabscissa. The scalingfunction � � � � � � �
p � 1

� �
2   1/2 �h � 2   p � � hasa compactsupport

and
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¡ ¢ £ ¤ ¥ ¦ 2§ 1/2
¡
h

£ ¤
/2

¥
if |

¤
| ¨ 4© /3

0 if |
¤

| ª 4© /3
C-49

Theresultingwaveletis

« £ ¤ ¥ ¦
0 if |

¤
| ¨ 2© /3

2 § 1/2e § i¬ /2
¡
h ­ ¬

2 ® © if 2© /3 ¨ |
¤

| ¨ 4© /3

2 § 1/2e § i¬ /2
¡
h ­ ¬

4 if 4© /3 ¨ |
¤

| ¨ 8© /3

0 if |
¤

| ª 8© /3

C-50

Since « £ ¤ ¥
in the neighbourhoodof

¤ ¦
0, all its derivativesare zero at

¤ ¦
0, which

provesthat « hasan infinite numberof vanishingmoments. FigureC-4 showsthe meyer

wavelet« .

FigureC-4: Themeyerwavelet « .

C.3 Multiresolution Signal Decomposition

Multiresolution signal analysis(MRA) provides the links betweenorthonormalwavelet

families of compactsupport, and the pyramid-dyadic tree expansionsof a signal. In this

representation, a function f ¯ L2 is expressedasa limit of successiveapproximations, each

of which is a smoothedversion of f
£
t

¥
. Thesesuccessiveapproximationscorrespondto

different resolutions. This smoothing is accomplishedby convolution with a low-pass
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kernelcalledthescalingfunction ° ± t ² .

C.3.1 Multiresolution Analysis Spaces

A multiresolution analysisconsistsof a sequenceof closed subspaces³ Vm|m ´ Z µ of

L2 ± ¶ ² µ whichhavethefollowing properties:

· Containment:

¸ Coarser Finer ¹. . .V2 º V1 º V0 º V » 1 º V » 2. . . C-51

¼ Completeness:

m ½ Z

¾
Vm ¿ À 0Á

m Â Z

Ã
Vm ¿ L2 Ä Å Æ C-52

Ç Scalingproperty:

f Ä x Æ È Vm É f Ê 2x Ë Ì VmÍ 1 C-53

for anyfunctionf Ì L2 Ê Î Ë .
Ï The Basis/Frameproperty: Thereexistsa scalingfunction Ð Ê t Ë Ì V0 suchthat Ñ m Ì Z,

theset

Ò Ð mn Ê t Ë Ó 2Í m/2 Ð Ê 2 Í mt Ô n Ë Õ C-54

is anorthonormalbasisfor Vm, i.e.

Ö Ð mn Ê t Ë Ð mn × Ê t Ë dt Ó Ø nÙ n Ú C-55

Let Wm betheorthogonalcomponentof Vm in VmÙ 1, i.e.

VmÙ 1 Û Vm Ü Wm C-56

Vm Ý Wm C-57

Furthermore, let thedirectsumof thepossiblyinfinite spacesWm spanL2 Þ ß à :
. . . á Wj á Wjâ 1. . . á W0. . . á W â jã 1 á W â jã 2. . . ä L2 Þ ß à C-58
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Associatethe scalingfunction å æ t ç with the spaceV0, and the waveletfunction with W0.

The projection operators Pm, Qm from L2 æ è ç onto Vm and Wm respectively. The

completenessproperty ensuresthat
mé ê ëlim Pmf ì f, for any f í L2 æ è ç .The containment

propertyimpliesthatasm decreasesPmf leadsto successivelybetterapproximationsof f.

Any function f canbeapproximatedby Pmê 1f, its projectionontoVmê 1. FromEquationC-56

this canbeexpressedasa sumof projectionsontoVm, andWm

Pmê 1f ì Pmf î Qmf C-59

Pmf is the low passpart of f in Vm andQmf is the high frequencydetail or difference, i.e.

theincrementin informationin goingfrom Vm to Vm ê 1.

EquationC-59 canbeexpressedasQmf ì Pmê 1f ï Pmf, whereQmf í Wm. Hence, it canbe

saidthat theorthogonalor complementaryspaceWm is givenby thedifferenceVm ê 1 ð Vm.

Now ñ ò t ó n ô õ V0 and ñ ò 2t ó n ô õ V ö 1. Since V0 ÷ span ø ñ ò t ó n ô ù and

V ö 1 ÷ span ø ñ ò 2t ó n ù , it is reasonableto expectthe existenceof a function ú ò t ô õ W0,

suchthat W0 ÷ span ø ú ò t ó n ô ù . This function ú ò t ô is the waveletfunction associatedwith

themultiscaleanalysis.

By the scalingproperty, Wm ÷ span ø ú ò 2 ö mt ó n ô ù . The term Wm is alsogeneratedby the

translates and dilations ø ú mn ò t ô ù of a single wavelet ú ò t ô . The containment and

completenesspropertiestogetherwith Wm û Vm, andVmö 1 ÷ Vm ü Wm imply that thespaces

Wm aremutually orthogonaland that their direct sumis L2 ò ý ô . Sincefor eachm, the set

ø ú mn ò t ô ;n õ Z ù constitutesanorthonormalbasisof Wm, it follows thatthewholecollection

ø ú mn ò t ô ;m,n õ Z ù is an orthonormal wavelet basis for L2 ò ý ô . The set

ø ú mn ò t ô ÷ 2 ö m/2 ú ò 2 ö mt ó n ô ù is the waveletbasisassociatedwith the multiscaleanalysis,

with property

þ ú mn ò t ô ú m ÿ n ÿ ò t ô dt ÷ � mö m ÿ � nö n ÿ C-60

Since

V iö 1 ÷ Wi ü V i ÷ Wi ü Wi � 1 ü Wi� 2 ü . . . C-61

the function Pmö 1f at a given resolutioncan be representedas a sum of addeddetailsat

differentscales.
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C.3.2 Multiresolution Pyramid Decomposition

TheMRA is usedto decomposethesignalinto successivelayersat coarserresolutionsplus

detailsignals, alsoat coarserdecomposition.

Let f � V0. Then, since � � � t � n � � spansV0, f can be representedas a superpositionof

translatedscalingfunctions:

f � t � 	
n



c0,n � � t � n � 	

n



c0,n � 0n � t � C-62

where

c0,n 	 � f, � on � 	 
 f � t � � � t � n � dt C-63

Since, V0 	 V1 � W1, f canbeexpressedasthesumof two functions, onelying entirely in

V1 andtheotherin theorthogonalcomplementW1:

f � t � 	 P1f � Q1f 	
fv
1 � t �

n



c1,n � 1n � t � �

f �1 � t �
n



d1,n � 1n � t � C-64

wherethescalingcoefficientsc1,n, andthewaveletcoefficientsd1,n aregivenby:

c1,n 	 � fv
1, � 1n � 	 1

2

 fv

1 � t � � t
2 � n dt C-65

d1,n 	 � f �1 , � 1n � 	 1
2


 f �1 � t � � t
2 � n dt C-66

Thediscretesignald1,n is just thediscretewavelettransformcoefficientat resolution1/2. It

representsthe detail or difference information betweenthe original signal c0,n and its

smootheddown-sampledapproximationc1,n. Thesesignalsc1,n andd1,n aresaidto havea

resolution of 1/2, if c0,n has unity resolution. Every down-sampling by 2 reducesthe

resolutionby thatfactor.

The next stageof decompositionis now easily obtained. Take fv
1 � V1 	 V2 � W2 and

representit by a componentin V2 andanotherin W2

fv
1 � t � 	 fv

2 � t � � f �2 � t � C-67
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fv
2 � t � � � c2,n � 2n

� t � C-68

f �2 � t � � � d2,n � 2n
� t � C-69

Thedecompositioninto coarser, smootherapproximationanddetailcanbecontinuedasfar

asnecessary.

C.3.3 Finite Resolution Wavelet Decomposition

Thefunction f � V0 canberepresentedasEquationC-62, anddecomposedinto thesumof

a lower-resolutionsignal(approximation) plusdetail(approximationerror):

f � t � � fv
1 � t � � f �1 � t � � � c1,n2 � 1/2 � � t/2 � n � � � d1,n2 � 1/2 � � t/2 � n � C-70

Thecoarseapproximationfv
1 � t � canbedecomposedasEquationC-67, sothat:

f � t � � fv
2 � t � � f �2 � t � � f �1 � t � C-71

Continuingup to fv
L � t � , wehave

f � t � � fv
L � t � � f �L � t � � f �L � 1 � t � � . . . � f �1 � t � C-72

or

f � t � � � n  � !! c � L,n � 2� L/2 � 1
2L � n � � m 1

L � n � !! d � m,n � 2� m/2 � t
2m � n C-73

Thepurelywaveletexpansionof EquationC-37 requiresinfinite numberof resolutionsfor

thecompleterepresentationof thesignal. EquationC-73 showsthat f � t � canberepresented

asa low-passapproximationat scaleL plus the sumof L detail (wavelet) componentsat

differentresolutions.
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Appendix D

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 D52). The inputs of the

fuzzy TSK models are the propofol effect concentration (PCe) 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:

� Input membership functions;
� Rule-base table;
� Output membership functions;
� Output surface;
� Results on the training and checking data sets.

D.1 AEP Feature D2

a) b)
Figure D-1: Input membership functions describing the propofol effect concentration ( a) ) and the

remifentanil effect concentration ( b) ), for the AEP feature D2 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. fi is the i output membership function,

i � 1, . . . , 4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

The D2 membership functions (output membership functions) are the following:

f1 � 0.0007PCe � 0.0190RCe � 1.3494
f2 � � 0.0229PCe � 1.9570RCe � 25.6094
f3 � � 0.0002PCe � 0.1049RCe

� 0.6819
f4 � � 0.0309PCe

� 0.5019RCe
� 162.1829

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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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 D2 from patient Pat1 (solid line), considering the maintenance

phase.

D.2 AEP Feature D31

a) b)
Figure D-4: Input membership functions describing the propofol effect concentration ( a) ) 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. fi is the i output membership function,

i � 1, . . . , 4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4
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The D31 membership functions (output membership functions) are the following:

f1 � � 0.0032PCe � 0.6908RCe � 11.1178
f2 � � 0.0022PCe � 0.1321RCe � 9.6112
f3 � 0.0157PCe � 0.1656RCe � 34.5303
f4 � 0.0021PCe � 1.8165RCe � 1.0153

Figure D-5: Output surface of the AEP feature D31 TSK fuzzy model.

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 D32

a) b)
Figure D-7: Input membership functions describing the propofol effect concentration ( a) ) 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 D32. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi is the i output membership function,

i � 1, . . . , 4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

The D32 membership functions (output membership functions) are the following:

f1 � 	 0.007PCe 
 1.566RCe 
 8.5694
f2 � 	 0.0043PCe 	 0.3294RCe 
 19.2396
f3 � 0.0217PCe 
 1.8704RCe 	 61.8629
f4 � 	 0.0008PCe 
 0.0378RCe 
 1.7855
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Figure D-8: Output surface of the AEP feature D32 TSK fuzzy model.

Figure D-9: Results of the AEP feature D32 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

a) b)
Figure D-10: Input membership functions describing the propofol effect concentration ( a) ) 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 is the i output membership function,

i � 1, . . . , 4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

The D33 membership functions (output membership functions) are the following:

f1 � � 0.0024PCe 
 0.4232RCe 
 4.3817
f2 � � 0.0033PCe � 0.0888RCe 
 13.6081
f3 � � 0.0007PCe 
 1.0139RCe � 6.6304
f4 � 0.0021PCe � 1.2998RCe � 0.1886
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Figure D-11: Output surface of the AEP feature D33 TSK fuzzy model.

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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D.5 AEP Feature D4

a) b)
Figure D-13: Input membership functions describing the propofol effect concentration ( a) ) 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. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi is the i output membership function,

i � 1, . . . , 4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

The D4 membership functions (output membership functions) are the following:

f1 � 0.0134PCe � 2.2962RCe � 13.6722
f2 � 0.2PCe � 103.4RCe � 1098.8

f3 � � 0.0416PCe � 0.128RCe � 94.7275
f4 � 0.3PCe � 55.1RCe � 1644.8
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Figure D-14: Output surface of the AEP feature D4 TSK fuzzy model.

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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D.6 AEP Feature D52

a) b)
Figure D-16: Input membership functions describing the propofol effect concentration ( a) ) and the

remifentanil effect concentration ( b) ), for the AEP feature D52 TSK fuzzy model.

Table D-6: Rule-base table for the fuzzy TSK model of the AEP feature D52. RCe is the remifentanil
effect concentration, PCe is the propofol effect concentration. fi is the i output membership function,

i � 1, . . . , 4.

PCe RCe

mf1 mf2 mf3

mf1 f1

mf2 f2

mf3 f3

mf4 f4

The D52 membership functions (output membership functions) are the following:

f1 � � 0.0006PCe � 72.2264RCe � 338.7697
f2 � 0.0199PCe � 9.5601RCe � 123.3977

f3 � � 0.3571PCe � 39.6468RCe � 427.9056
f4 � 0.016PCe � 30.4844RCe � 73.4977
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Figure D-17: Output surface of the AEP feature D52 TSK fuzzy model.

Figure D-18: Results of the AEP feature D52 TSK fuzzy model on the training and checking data sets
(dashed line) versus the AEP feature D52 from patient Pat1 (solid line), considering the maintenance

phase.
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