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Abstract

Informationaboutpeoples currentactivity (theiruserstate)andtheirmentaltaskdemandanbeused
for multiple purposesn meetinglectureor o cescenarios.

Dependingon the currentuserstateandthe level of taskdemandmobile communicatiordevices
suchascell-phonescan con gure themselesin a way thatthey notify their owner of anincoming
event(e.g.aphonecall) only, if thisdoesnotdisturbhim for instance Furthermorénformationabout
userstateandtaskdemanddf anaudienceanbeusedto provide feedbacko a speakr abouthistalk.

In this thesisa systemis proposedvhich determinesiserstateandtaskdemandusingelectroen-
cephalographidata(EEG data). EEGis recordedusing either 16 scalpelectrodedrom a standard
recordingdevice whichis usuallyusedfor clinical purposesor a headbanavith only four electrodes
over the pre-frontalandfrontal cortex, which is muchmore comfortableto wear Therecordeddata
is thenpassedo a computerwherefeaturesare extractedwhich representhe frequenyg contentof
thesignals featuresarepreprocessednd nally passedo anarti cial neuralnetwork or to a Support
VectorMachinewhich predictuserstateandtaskdemand.

For the discriminationof the userstatesresting,listening, perceving a presentationfeadingan
articlein amagazinesummarizinghereadarticleandperformingarithmeticoperationslassi cation
accuracie®f 94.9%in sessiorand subjectdependentxperiements58.9%in subjectindependent
experimentsand62.7%in subjectdependenbut sessiorindependengxperimentsould beobtained.
For the predictionof low and high task demandduring the perceptionof a presentatioraccuracies
of 92.2%in sessiorandsubjectdependenexperiements80.0%in subjectindependenéxperiments
and87.1%in subjectdependenbut sessiorindependenéxperimentavereachiered. While all these
experimentsvereobtainedn o ine scenarioswheredatahadbeencollectediong beforethe system
wastrainedandtested alsoa prototypesystemhasbeendevelopedwhich demonstratethefeasibility
of userstateidenti cation andtaskdemandassessmerinh realtime.
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Chapter 1

Intr oduction

In moderno ce or meetingervironmentspeopleinteractwith eachotherin variousways: (mobile)
electronicdevicessuchascell phonesPDAs andlaptopsareusedto communicateria speechor text
but alsoface-to-acemeetinggake placefrequentlynowvadays.

Informationaboutuserstate,i.e. the currentactiity of anindividual and mentaltaskdemand,
i.e. the amountof mentalresourcesequiredto executethe currentactvity, canprovide important
informationaboutthe individuals needsandwishesconcerninginteraction. This informationcould
be exploited for exampleby communicationdevices which selectthe kinds of noti cations a user
receves appropriatelyaccordingto the users currentstateand mentaltask demandlevel. On the
otherhandinformation aboutthe predominanstateand the task demandevel of his audiencecan
represenaninterestingfeedbackor a speakr aboutatalk.

We referto the currentactvity of anindividual asuserstatein this work to emphasizehatwe
seea major purposeof gatheringsuchactvity informationto improve the interfacesbetweencom-
municationdevicesandtheir uses. To characterizehe predominantctvity of anaudienceduringa
meetingor a lecture,theterm"audiencestate”or "participantstate”would probablybe moreappro-
priate. Note however thattechnicallyspeakinga listenerof atalk canalsobe seenasa "user” who
obtainsinformationfrom a "device”, namelythe speakr, via an”interface”, which is thetalk of the
spealkert. Thereforeandfor reason®f clarity only thetermuserstateis usedn thiswork to character
ize anindividual's currentactivity. Notefurthermorethatthe moregenerakermtaskdemandnstead
of mentaltaskdemands usedin thefollowing for simplicity, althoughwe areexclusively concerned
with mentalandnotwith physicaltaskdemandn this work.

1.1 Goal

The major goal of the researctwork describedn this thesisis the developmentof a systemwhich
automaticallyidenti es the userstateand estimateghe taskdemandevel of anindividual from his
electricalbrain actvity, i.e. his electroencephalogra(EEG). In particularsucha systemshall be
ableto determinauserstateandtaskdemandevel in meetingJectureor o cescenariosuchthatthe
obtainedinformationcanbe usedto improve the interactionwith andvia electroniccommunication
devicesandface-to-hceinteractionbetweerindividuals. (Examplesllustratingtherelevanceof user

1This point of view is even more justi®ed whenthe humanspealkr is replacedby a computersystemproviding one
listeneror anaudiencevith informationabouta speci®ctopic whichis notatoo unrealisticvisionin timesof moderndialog
andinformationretrieval systems.
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stateandtaskdemandnformationfor applicationsn the mentionedscenariosaregivenin the next
section.)
Severalsubgoalemegefrom this majorgoal:

Robustness: Usersmustbe allowed to talk andto move freely during EEG recordingin an
o0 ceor meetingenvironmentwhich introducesusuallylarge artifactsin thedata.During clin-
ical EEGrecordingdataartifactsarereducedy requiringthe patientanotto talk andto remain
immobilein a x edpositionduringthewholerecordingwhichis clearlynot acceptabldor the
applicationswe areaiming at. Thereforethe proposedsystemmustbe ableto copewith all
kinds of artifactsintroducedin the databy moving andtalking, i.e. it mustbe robusttowards
theseartifacts.

Acceptability: Thesensordor EEG recordingshoulddisturbthe useraslittle aspossibleand
the usermust nd his outerappearancstill acceptablavhile wearingthem. During clinical
EEGrecordingusuallymorethan20 scalpelectrodesreplacedall over the head.Prior to the
recordingintensve preparatiorof the patientis requiredto assuregooddataquality: electrode
positionsmustbedeterminedxactly, thescalpis cleanedusingalcoholandconductve pastan
thepatientshairis requirecto establisragoodconductvity betweerskinandelectrodeTheuse
of electrodest positionsall overthe headandintensve userpreparatioris clearlynot possible
for thescenariosve areconsideringhere.ldeally very few electrodeshouldbe usedwhichthe
usercanattachquickly himself. Furthermoreconductve pastemustnot getinto contactwith
theusers hair.

Realtime behavior: It mustbe possibleto determineuserstateandtaskdemandnformation
in realtime, to allow for immediatereactionsvhentheseparameterghange.

Realistic scenarios: The userstatedo be consideredheremustbetypical for realworld meet-
ing, lectureor o cescenariosTypical statesarereading typing, listeningto atalk, perceving
anaudio-visuapresentationtalking or restingfor example.Also taskdemandvariationsmust
bemeasuredluringrealisticactiities suchaslisteningto atalk. As amid-termgoalthedevel-
opedsystemshallbe usedandevaluatedn realmeetingsjecturesoro cework places.

Notethattheresearchvork describedn thisthesisis justa rst attemptiowardsuserstateidenti-
cation andtaskdemandestimationn meetingor o cescenariosThereforetheaspectenumerated
above arerealizedonly to a certainextendin the proposedsystem(seealsochapter7). Resultsare
promisinghowever andwe are con dent that somefurther researctand developmentwill allow to
fulll theaforementionedjoalsevenbetter

1.2 Motivation

The mostimportantmotivation for the developmentof a systemwhich determinesuser stateand
taskdemands to allow for moreintelligentinteractionbetweerindividualsandtheircommunication
devicesandto make communicatiorbetweenindividualsmoree ective. Concreteexampleswhich
illustratehow the obtainednformationcanbe usedfor thesepurposesrepresentedn thefollowing.

1.2.1 Human-Machine Interaction

Moderncommunicatiordevicescanbe con guredin variousways. In particular di erentkinds of
noti cations (e.g. audio, visual or tactile noti cations) canbe chosento announcedi erentevents
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or communicatiorrequestof di erent(groupsof) communicatiorpartners.It will beillustratedin
the following examplesthatin presencef di erentuserstatesandor taskdemandevels, di erent
con gurationsof communicatiordevicesmaybe appropriateTo changea device con guration, usu-
ally manualinteractionis requiredwhich is oftenincorvenient. Thereforeimportantcommunication
requestsareoftenmissedor they disturbuserswhile they arebusywith moreimportantactivities.

An essentiabene t of automaticuserstateidenti cation andtaskdemandestimationis thatintel-
ligent userinterfacescanbe constructedwhich changetheir con gurationsthemselesaccordingto
the currentuserstateandor taskdemandevel. Thusthey requirethe users attentiononly whenthis
doesnotdiverthim from doingsomethingnoreimportant. Thefollowing examplesllustratepossible
applications:

Considerthe meetingscenarioshavn in gure 1.1. Let us assumehat eachparticipantpos-
sesses userstateidenti cation device which determineshis currentuserstateas shawvn in
the picture. This informationcannow be usedfor exampleto con gure the participants'cell
phonesappropriately Let us rst considerthe speakr: he might not wantto be distractedby
ary kindsof noti cations sincethis would confusehim duringtalking. Thereforehis cell phone
switchedtselfo to becompletelyquietwhile heis talking. Thetwo personavho arelistening
might wantto have con gured their cell phonesin a way thatthe devicesnotify their owners
only of very importanteventssuchascalls from importantbusinesgpartnersor of their boss.
Themeetingparticipantsvho arereadingor restingmight be openfor all kindsof noti cations
sincethey arenotdirectly involved in the meetingat the moment. Thereforetheir cell phones
con gure themselesin away thattheir ownersarenoti ed (by anon-audibleg.g.avibrating
alert) of all incomingeventssincethey have enoughtime to look at the displayandto decide
themseleshow they wantto proceedwith the currentevent.

Informationaboutthe currenttaskdemandevel might be usefulhereaswell. It couldbe used
for exampleto nd outwhethera useris highly concentratedluring listeningor whetherit is
easyfor him to follow atalk. In the latter casea disturbancedy somecommunicatiordevice
mightbe moreacceptabldor him sinceheretherisk of loosingthethreadis smaller

Besidesell phonesalsootherdevicescouldcon gurethemselesappropriatelyusinguserstate
andtaskdemandnformation. A personwho is taking minutesor readingmight be disturbed
moreby atext messager a chatrequespoppingup on his laptopscreerthansomeonavhois
resting,sinceheis simply notinterestedn the currentsubjectof the meeting.

Note thatregardlessof the device which usesthe collectedinformation,it is essentiathatthe
userhimselfis ableto de ne its behaior for eachuserstateandtaskdemandevel, i.e. hemust
not beforcedto acceptapresetevice con guration,wherehe cannot decidearymorehimself
how thedevice behaesin di erentsituations.

Typical activities duringo ce work arereading,typing or the developmentof own concepts
andideaswhich sometimesnay requireeven more or lesscomplex mathematicateasoning.
Finally therearealsointermediataestingperiodswhereno suchactionis taken.

Let usassumegainthatfor somepersonwho is workingin ano ce, userstateandtaskde-
mandcanbeidenti ed by somedevice. Similarly to the meetingscenariodescribedabove the
obtainedinformation could be usedhereaswell to con gure communicationdevices appro-
priately Possiblepreferencesnight befor exampleto allow no, or only very importantphone
callsduringcomplex reasoningandto disablechatrequestsvhencomple reasoningcoincides
with typing or readingsomethingon the computerscreen.Informationaboutthe taskdemand
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Figurel.1: A typical meeting.Picturetakenfrom [StudentGovernmentUniversity of Maine,2005]

level might help hereto make more ne graineddecisions:communicatiorrequestsnight be
lessdisturbingwhile readinganarticlewhichis easyto understandh contrasto anotherarticle
with amoredi cult contentsfor example. Also during routinetasks(e.g. readingor writing
e-mails)somepeoplemight wantto constrainthe potentialcommunicatiorrequestghey are
willing to receve sincethey wantto gettheirwork donequickly. Onthe otherhandthey would
like to benoti ed of all kindsof communicatiomequestgalsoof thosewhich have previously
beenrejected)whenthey areidle, suchasduring restingperiods. Consequentlyt might be
desirablén ano ceervironmentto have intelligentdevices.

1.2.2 EnhanceFace-to-FaceCommunication

User stateand task demandcan provide importantfeedbackabouthow perceved in a face-to-ce
communicationThisis illustratedin thefollowing two examples.

During a meetingor alectureit is usuallyvery di cult for the speakr to tell whetherhis talk
is too easyortoodi cult for his audienceor whetherheis talking abouta subjectof common
interestor not. Informationaboutthe predominantiserstateof hisaudiencendits averageiask
demandcould helpthe speakrto nd out how his talk is perceved. Low taskdemandcould
beseenasahint to proceedasterwhile high taskdemandor evenoverload)mightindicateon
the otherhandthatthe currenttopic mustbe explainedmoreclearly This could be particular
helpfulin alecturingor teachingscenario.

Userstateinformationcouldbeusedhereto nd outwhethertheaudiencds interestedatall in

thecurrenttopic. Thismightnotbethecasef the predominantserstateis somethingelsethan
listening.Furthermoreuserstateinformationis importantto retrieve outtheprecisereasongor

hightaskdemandWhile auserstaskdemands constantlyhigh, hecaneitherlistenattentvely
to the presentatiomndwatchthe slides(userstate’audiovisual perception”or thathecanread
apapemwhichrequiresalot of mentale ort.

Anotherinterestingapplicationin this contet is to improve aninformationretrieval anddialog
systemwhich providesmulti modalinformationabouta selectedopic to a user If the system
detectshigh taskdemandor even overloadit might usethis asanindicatorthatthe usercant
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keepup arymorewith the currentpresentatiorandthusit could comeup with otherexplana-
tions. Note that alsoexplicit interactionbetweerlistenerand systemis possibleand perhaps
evendesirablen suchsituations.However theinformationhow familiar the useris with di er
entaspect®f acertaintopic, which canbe perhapsnferredfrom thecourseof histaskdemand,
mighthelpto selectthe mostappropriatexplanations.

Now let usconsidertwo peoplewho cannotcommunicatén a commonlanguageandtherefore
usea speechranslationdevice to talk to eachother In this caseiit is usuallydi cult to tell
whetherthe translationof what wasjust saidis correct,i.e. if the dialog partnerunderstood
the meaningof the utteranceasit wasoriginally intendedin the sourcelanguage.If now the
confusionof the dialog partnercould be measuredvhenhe hearsthe translatecutterancethis
informationcould be usedasanindicatorfor the translationquality. Notethatthe parameters
taskdemandanduserstatearenot usedhereexplicitly, howeverit might bea plausiblehypoth-
esisthatthedegreeof confusionis correlatedwith the degreeof taskdemandsincea confused
userwill mobilizemorementalresourceso determinghe meaningof anutterancehecouldnot
understanétonce.

This hypothesigs supportedy ndings from [Applied Anthropologylnstitute,2001]and[De-

fayolleetal., 1971)who reportthat mentalconfusionis oftenassociatedvith the stateof "ex-

tremealertness'which canbe identi ed by distinct patternsin the EEG. (For the relationbe-
tweenalertnesandtaskdemandoleasereferto section2.3.2.) In thesestudiesa very high de-
greeof confusioneadingoftento disoiganizedbehaior, hasbeenconsideredhowever. There-
fore it remainsto beinvestigatedvhetherEEG correlatesof confusioncanalsobe detectedn

theabove describedscenario.

1.2.3 Measure Usability

Probablytaskdemandnformationcanbe usedaswell for the evaluationof the usabilityof interfaces.
Usingthe underlyinghypothesighat an electronicdevice (e.g. a cell phone,a PDA, aradio, anair
conditionor anavigationsystenin acar)whichis di cultto operataequireshighermentalresources
during operation taskdemandcould be useddirectly asanindicatorfor usability ThusEEG based
taskdemandestimationcouldbe usedasatool in egonomics.

Although a few yearsagoit hasbeenproposedo useEEG for usability assessmeriBeeretal.,
2003],to our currentknowledgeno researcthasbeenconductedyet which providesevidencefor or
againstheabove hypothesisOnly therelationsbetweerEEG andattitude satishictionor acceptance
in thedomainof userinterfacedesignhave beeninvestigatedNielsen,1993].

Note thatfor mary aforementionedpplicationsEEG datais certainly not the only sourceof infor-
mation. Otherphysiologicalparametersuchasthe electrocardiogranfthe ECG, i.e. the electrical
heartactiity) or the electromyogranfthe EMG, i.e. the electricalmuscularactvity), methoddike
eyetrackingor headtrackingandothertechnique$rom computewision or speeclandlanguageoro-
cessingcancertainlyprovide usefulinformationfor theseapplicationsaswell. Physiologicadataand
particularlyEEG dataseemhowever to be complementaryn mary aspectdo theseothermodalities
which makestheir investigationparticularlyinterestinghere. A fusionof di erentmodalitiesshould
be animportantgoaltowardsthe developmentof intelligentuserinterfacesandtools which enhance
communicatiorbetweerindividuals.
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1.3 Ethical Considerations

Whenuserstateor mentaltaskdemandaredeterminedrom individualsin every day situationsyery
personabndsensitve datais collected.Thusit is importantto handlethis datavery carefullysinceit
might easilybeusedto o endpeoplesprivagy. The performancef emploeesor their actionscould
beeasilytrackedusingtherecordeddata.Userstateinformationmightbeusedfor exampleto nd out
how muchtime peoplespendon otherthanwork tasksduring their o  ce hours;informationabout
mentaltask demandduring the executionof a speci ¢ taskcould indicatehow well an applicantis
suitedfor a certainposition.

Thereseach work reportedin this thesishasclearly not beendoneto encouage the development
of applicationsaimingat theseor similar purposes.

Ratherthento control the user the collectedinformation shouldbe usedto give the userbetter
control over his ervironment. As mentionedabore, onereasorno determineuserstateandtaskde-
mandis to enhancehe users ability to interactwith electronicdevicesandto enablethesedevices
to behae accordingto the userswisheswithout requiring explicit input. However this canonly be
grantedif the userhascompletecontrol over the collectedinformationandover the devicesusingit.
Thatmeansn particularthattheusermustbeableto choosedesireddevice con gurationsfor agiven
userstateandor taskdemandevel himselfandhe mustnot beforcedto acceptary presetcon gura-
tion. Thelattermightfor exampleleadto a situationwherein orderto increasehe productvity of an
emplo/ee,phonecalls, text messagestc. from his family or friendsareblockedwhile heis notin the
userstateof resting. This would take him away from controllingthe useof the collecteddatawhich
is clearlynotdesirable.

In this contet it is alsoimportantto pointoutthedi erencebetweerthis work andthe DARPA
AugmentedCognition (AugCog) programwhereimportantgoalsare the identi cation of cognitive
statesand the assessmentf mentaltask demand[Schmorrov and Kruse, 2002]. In the AugCog
programthe information aboutcognitive statesshall be usedto increaseoperatorperformanceby
presentinchim informationappropriatelyaccordingto his currentstateandthusto avoid cognitive
overload.Thatimpliesthatthe operatoihasto allow therecordingof his cognitive statecontinuously
in orderto be ableto fulll the taskassignedo him. He hasno choicehow datais presentedo
him, i.e. which view of thereal datahe cansee. This might arousethe feeling of the operatorthat
heis deggradedto a kind of "computer” himselfwhich hasto ful Il a certaintaskwithout having the
control over the whole situation. While this may be appropriat€for somemilitary applicationsijt is
not acceptabldor anindividual in ao ce or meetingervironment. Here everyonemustbe ableto
control himselfhow andwhenwhich kind of informationis presentedo him, i.e. he mustbe ableto
con gure thedevicesaroundhim himselfasmentionedabove. Additionally it is importantthatusers
shouldwearEEG devicesonly voluntarily andthey shouldalwaysbeableto switchthemo .

Furthermorahe usermustknow exactly whathappenswith the collecteddataandit mustbe his
own decisionwhetherhewantsto sharethedatawith others.e.g.with aspealer to give him feedback
abouthis talk, or not. In the meetingor lecture scenariodescribedabore, it is importantthat for
privagy reasonghe spealker canonly seethe predominantuserstateandthe average taskdemandof
his audiencebut that the dataof particularindividualsremainshiddento him. Otherwisesuchdata
might beusedfor exampleto nd outwhich studentglo notlistento alectureor whichemplg/eesdo
not pay attentionduringa presentatiomf their boss.

Finally EEG devicesfor userstateand task demandrecordingsshouldbe preferablypersonal
devicesusedonly by their owner, sincethis allows him to recordinformationabouthis mentalstate
andhistaskdemandvhen&erhewantsanduseit for the purposenewantsto useit. Also for hygienic
reasonsisersmay notwantto wearan EEG device which hasbeenpreviously usedby someoneslse
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(unlesst hasbeencleanedhoroughlywhichis time consuming).

1.4 Contributions

In this researchwork several state-of-the-artechniquegrom the domainsof machinelearningand
signalprocessingreappliedto the problemsof userstateidenti cation andtaskdemandestimation
from EEG data. The selectionof appropriatenethodstheir combination their adaptatiorto the spe-
ci ¢ requirementef EEGdataand nally the carefulevaluationanddiscussiorof their performance
represenimportantscienti ¢ contritutionsof thisresearch.

As alreadymentionedtheresearchvork presentedhereis to beseenasa rst attemptto construct
asystenfor userstateidenti cation andtaskdemandestimatiorusingEEGdatain every daymeeting,
lectureor o ce scenarios.To date,no publicationscould be found concerningthe applicationof
EEG datain thesescenarios.Particularly the attemptto reachthe goalsformulatedin section1.1
distinguisheghis work from otherresearchwhich is concernedwith computationalprocessingof
EEGdata.

Also two morepracticalcontritutionsshallbepointedoutherewhichaddresshegoalsformulated
in sectionl.1:

To illustratethefeasibility recordingdeviceswhich aremorecomfortableto wearthanstandard
clinical equipment,a headbandvith four build-in electrodeshasbeendeveloped(see gure
5.2). Thiscanbeseenasa rst steptowardsrecordingdeviceswhich are more acceptabléo
wearin every daysituations.

Furthermorea prototypesystemhasconstructedvhich demonstratethat the identi cation of
realisticuserstateds possiblen realtime andin ascenariovhich haslittle in commonwith the
well de ned laboratoryconditionsduringclinical EEGrecording(seesection6.1.10).Notethat
the sameuserstatesandthe samerecordingconditionswere alsousedfor the datacollection
conductedn thiswork (seechapterb).

1.5 Overview

Figurel.2 givesanoverview of the developedsystemandillustratesthe tasksto be accomplishedo
derive a hypothesidor the currentuserstateandtaskdemandevel from theraw EEG data.For each
of thetaskoneor morepossiblemethodsareinvestigated.

As a rst step,artifactsintroducedin the raw EEG data(50Hz or 60Hz AC noise,muscularac-
tivity, eye movementsetc.) mustbe eliminated.We concentratéereon eye actiity relatedartifacts
andattemptto useindependentomponentnalysis(ICA) for their detectionandremoval. Fromthe
artifactfree datafeaturevectorsare extractedrepresentinghe frequeng contentof the datausinga
shorttime Fouriertransform(STFT). Thenaveragingover a history of k featurevectorsis performed
andfeaturesarenormalizedio reducenatural uctuationsandunwantedvariability in the data.Since
thefeaturespacehasa very high dimensionthe bene t of featurereductionmethodss investigated.
Finally arti cial neuralnetworks (ANNs) andsupportvectormachineSVMs) areusedasclassi -
cationtechniquedor userstateidenti cation. Theseclassi cationtechniquesrealsoapplicablefor
the estimationof di erenttask demandevels. However sincetask demandis an ordinally scaled
parameteralso variantsof ANNs and SVMs for regressionestimationand a simple linear model
(OLS-Raressionareappliedfor this purpose.
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Figurel.2: Overview of the systemfor userstateidenti cation andtaskdemandestimation.

The remainderof this thesisis organizedasfollows. In chapter2 basicsof brain anatomyand
physiologyare presentedan overvien over seseral techniquedor monitoring brain actiity (with
specialemphasison the EEG) is provided and the neuralcorrelatesof di erentuserstatesand of
mentaltaskdemandareexplainedbrie y. Otherresearctdealingwith the computationaprocessing
of brain actvity is reviewed in chapter3. Chapter4 describegshe methodsusedin the developed
system.The datacollectionis presentedn chapter5 andthe resultsfrom the experimentsconducted
for this work are summarizedn chapter6. Conclusionanddirectionsfor future work are givenin

chapter?.



Chapter 2

Bio-Medical Background

Our ability to obsere theactiity of theliving brainis very limited. Currenttechniquegor monitor
ing brainactwity canonly provide informationaboutan extremelysmallfraction of thoseprocesses
which areresponsibldor our actions,our thinking andalsoour consciousnesd.o give thereaderan
impressionof the hugecompleity of the brain, section2.1 reviews brie y basicsof brain anatomy
andphysiology A specialemphasiss put onthoseprocessesausingthe EEG. In section2.3 neural
correlatesandin particularEEG correlateof di erentmentalstatesandof varyingtaskdemandev-
elsareexplainedwhich representhe bio-medicalfoundationfor the researctpresentedhere.Finally
somenone-ivasive techniguegor monitoringbrain activity areintroducedin section2.2 andit will
becomeclearthatdueto limitationsin spatialor temporalresolutionof thesetechniquesto dateonly
very incompleteinformationaboutongoingprocesses thebraincanbevisualized.

2.1 Anatomy and Physiologyof the Brain

The humans centralnenous systemconsistsof the spinalcord andthe brain. Oneof its tasksis to
processandto integrateincomingsensonstimuliwhicharerecevedviaperipherahenes(a erences)
andto give impulsesbhackto actuatorse.g. to musclesor glands(e erencesyhich causeautomatic
or voluntary action. Furthermorethe centralnenous system,particularly the brain, is responsible
for higherintegrative abilities suchasthinking, learning, productionand understandingf speech,
memory emotionetc. Finally vegetatve functionssuchasrespirationandthe cardio-\ascularsystem
arecontrolledby the centralnenoussystem.

2.1.1 Brain Anatomy

Anatomically ve basicpartsof thebraincanbedistinguishedFaller, 1995]asshavnin gure 2.1:

Cerebrum: The cerebrumwhich is locateddirectly underthe skull surfaceis the largestpart of
the brain. Its main functionsare the initiation of complex movement,speechand language
understandingand production,memory and reasoning. Brain monitoring techniqueswhich
malke useof sensorplacedon the scalpmainly recordactiity from the outermosfpartof the
cerebrumthecortex. Moreinsidethecerebrunthebasalganglionscanbefoundwhich consist
of a numberof nuclei controlling the extend and the directionof slov movements.Also the
thalamuss locatedherewhich directssensonjinformationto appropriatgartsof thecortex. A
moredetailedexplanationof the cortex anatomyis givenbelaw, sincethisbecomegparticularly
importantin latersectionsof this work.
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Corpus callosum Cerebellum

Diencephalon

Mesencephalon Pons Medulla oblongata

Figure2.1: Di erentanatomicapartsof the humanbrain,with modi cationsfrom [Scienti ¢ Learn-
ing Cooperation1999]

Diencephalon: Oneimportantfunctionof thediencephalotis theforwardingof sensonjinformation
to otherbrain areas.Besideghat, it containsthe hypothalamusvhich controlsthe body tem-
peraturethewaterbalanceandtheingestionto assurehe stateof homeostasifor thebody; i.e.
"good working conditions”for all body cells.

Cerebellum: The coordinationof all kinds of movementsis donein the cerebellum. Thereforeit
cooperategloselywith structuresrom the cerebrum(e.g. the basalganglions). Cerebellum
andcerebrumareconnectediia the Pons.

Mesencephalon: The largestpartof thereticularsystem(the formatioreticularis)is locatedhere. It
controlsvigilanceandthe sleep-vake rhythm.

Medulla oblongata: Themedullaoblongataconnectghebrainwith the spinalcord. Respiratiorand
thecardiosascularsystenmarecontrolledby thatpartof thecentralnenoussystem Furthermore
ahugenumberof peripherahenespasshroughthe medullaoblongata.

Comparedo the brainsof othermammalsthe humanbrain hasthe largestand bestdeveloped
cortex. Neuralprocesseselatedto abilitieslike complex reasoningspeechandlanguageetc. which
distinguishhumangrom othermammalgake placein thatpartof thebrain.

The cortex consistsof two hemispheresvhich are connectedria a beamcalled corpuscallosum
(see gure 2.1). Eachhemispherds dominantfor particularabilities. For right handedpersonghe
right hemispherds activatedmore during the recognitionof geometricpatterns spatialorientation,
the usenon verbalmemoryandthe recognitionof non-verbal noiseswhile moreactvity in the left
hemisphereanbe obsered during the recognitionof lettersandwords, the useverbalmemoryand
auditoryperceptiorof wordsandlanguage Note however thatthis hemispheri@asymmetryis usually
notvery pronouncea@ndin case®f injuriesonehemispherés oftenableto ful Il  tasksfor whichthe
otheronewaspreviously dominanfSchmidtandThews, 1997].
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Figure2.2: Di erentcortex lobes,with modi cationsfrom [Scienti ¢ LearningCooperation1999].

Eachhemispheres partitionedin ve anatomicallywell de ned regions, the so calledlobesas
depictedn gure 2.2. Thefunctionsof particularlobesareexplainedin section2.3.1.

2.1.2 Brain physiology

Thebasicunit for informationprocessingn thebrainis the neuron.As shavn in gure 2.3aneuron
consistf dendriteswvhich collectinformationfrom otherneuronsthe somawherethis information
is processe@ndthe axonwhich transfersprocessednformationto otherneurons.In the following
signalswhich aredirectedto a neuronarereferredto asa erences signalswhich o w away from
the neuronvia the axonarereferredto ase erences Note thatthis terminologyis usedaswell for
the neuralinformation o w in thewholebody: A erenceslenotehereall kinds of signalswhich are
directedto thebrain,e erencesresignalswhich o w away from thebrain.

The frequencyof the electricalimpulsesis usedto codeinformationin the axon,i.e. the higher
theimpulsefrequeng, the strongertheintensityof thetransmittedsignal. The point wherethe endof
anaxongetsin contactwith a dendriteor with the somaof a neighboringneuronis calledsynapse.
At the synapsea chemicalreactiontakes placewhich allows the o w of certaintypesof ionsin and
out of thepost-synaptimeuron.Therateof theion o w is controlledby theimpulsefrequeng in the
(pre-synapticaxon. Thusthefrequeng codingof informationin theaxonis changedo anamplitude
codingin the post-synaptimeuron.For certaintypesof axonspositve ions(Na* or Ca®*) movein the
post-synapticieuronwhich causesn excitatory post-synaptipotential EPSP) for othertypesposi-
tiveions(K™) move out of thepost-synaptimeuronwhich causesninhibitory post-synaptipotential
(IPSP).In the somaall thesepotentialsaresummedup (EPSPsarepositive, IPSPsare nggative) and
if the sumexceedsa certainthresholdanimpulseis givenon the axon(of the post-synapticmeuron)
with a frequeng which is proportionalto the sumof all EPSPsandIPSPs( gure 2.4). Note thatat
thatpointamplitudecodingof informationis corvertedbackto frequeng coding.

In the restof this sectionthe relation betweenthe neuralinformationtransferand the EEG is
outlinedfollowing [Zschocle, 1995].

Theion ow relatedto EPSPsandIPSPscausegotential uctuationsin the extra cellular space
which are commonlyreferredto ascortical eld potentials. Thesepotential uctuations exhibit a
dipolestructurewhichis explainedhereonly for anEPSP(The explanationfor IPSPds analogous):
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Dendrites Soma Synapses

Myelin sheath

Synaptic terminals

Figure2.3: Main component®sf a neuron.At thesynapsemformationbetweemeighboringneurons
is exchangedIn this gure theaxonis myelinatedasin mostcasesvhich is a meanto speedup the
signaltransfer

Figure2.4: Informationtransferbetweemeurons.The thicknessof thelinesin the somasymbolizes
the signalamplitude.Seetext for explanation.
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Afference

Figure 2.5: Dipole structureof cortical eld potentialsfor a single neuron(a pyramid cell). With
modi cationsfrom [Zschocle, 1995]

An EPSPis causedvhenat the subsynaptianembranea larger quantity of positive ions moves
in the post-synaptimeuronasexplainedabove. This makesthe outerpartof this membranesegment
appeamorengyative(becausef thelack of positive ions)thanall otherpartsof themembranef the
sameneuronwherethe numberof positive ions canevenincreasadueto capacitve e ects. Thuswe
have a small negative pole at the subsynaptienembranesggmentanda relatively large positive pole
at all othermembranesggmentsasshavn in gure 2.5 for the exampleof a pyramid cell. Pyramid
cellsaremainlylocatedn thehumancortex andthey play anessentiatole for the EEG.An important
characteristiof this type of cellsis thatthey have oftensomevery long dendriteswvhich point to the
outmostpartsof thecortex.

If now afew thousandef neuronsareexcited synchronoushandthecorrespondinglipolespoint
in the samedirection, potentialdi erencedetweenthe point on the scalpabore theseneuronsand
a constantreferencepoint can be registeredwhich are commonlyreferredto as EEG ( gure 2.6).
Note that not only cortical mechanismsbut alsothe thalamus(a collectionof nucleilocatedin the
cerebrum)is responsibldor the synchronizatiorof neuralactvity in the cortex suchthat potential

uctuationsin the EEG canbe obsered. Thethalamusn turnis largely in uenced by the formatio

reticulariswhich hasanimportantfunctionin thecontrolof vigilance.Moreinformationabouttherole
of the thalamusandthe formatio reticularisconcerninghe brain actvity relatedto di erentmental
statesandto di erentlevelsof taskdemands providedin section2.3.

Only very view neuronsof the brain actually contrikute to the EEG. Pyramidcells arethe main
sourcesof cortical eld potentials. But only % of all pyramid cellsin the cortex have in uence on
the EEGbecausehey have anorientationwhichis perpendiculato thebrainsurface.Only for these
cellsa synchronousctivation cancausea superpositiorof dipoleswhosesumis large enoughsothat
potential uctuationscanbe measure@tthe scalp.Suchadipolecon gurationis calledthenanopen
dipole eld (the rst of thefour examplesin gure 2.6). A closeddipole eld whichhasnoe ecton
the EEGis generatedvhendi erentdipolesneutralizeeachother This canhapperfor anensemble
of pyramidcellswhichrecevea erence$rom oppositedirections(the fth examplein gure 2.6),or
for non-yramidcellswhereoneneuronrecevesa erence$rom multiple directions.Starcellswhich
connecipyramidcellsin thecortex in variousways( gure 2.7)areanexamplefor that.

Fromthis brief summaryof the physiologicalprocesseanderlyingbrainactvity andin particular
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Figure2.6: Synchronizedheuronactiity causingpotentialdi erencesvhich canbe measuredtthe

scalp. Thedipolesaredepictedby the arrons. Notethatby conventionpositive potentialdi erences
correspondo amplitudesvith downwad orientationandnegative potentialdi erenceso amplitudes
with upwad orientation.
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Figure2.7: A closeddipole eld generatedby astarcell. A .: A erencesausinga negative poleat
theouterendof thedendrites.

of thoseprocessegeneratinghe EEG, we concludethat mostbrain actvity remainshiddento this
monitoringtechnique.ThereforeEEG signalsare certainly not suitableto make ne grainedinfer-
encesaboutneuralprocessem thebrain. In section2.3it will be explainedhowever, thatnevertheless
alot of informationaboutmentalstatesand mentaltaskdemandcanbe extractedfrom the potential
di erencesvhicharemeasuredisingscalpelectrodes.

2.2 Monitoring Brain Activity

After in the previous sectionthe mechanismselatedto brain actvity have beenexplained,sereral
techniquedor monitoringthis actwity shall be reviewed in this section. The following monitoring
techniquesrecommonlyappliedin themedicaldomain:
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Electroencephalograp (EEG)
Magnetoencephalagithy (MEG)
FunctionalMagneticResonancémaging(fMRI)
FunctionalNearInfraredSpectroscop (fNIRS)
SinglePhotonEmissionTomography(SPECT)

ProtonEmissionTomography(PET)

They canbeclassi edusingseveralcharacteristics:
Intrusiveness
Spatialresolution
Temporalresolution
Physiologicaparametewhich is monitored
Resourcesequiredfor operationof the monitoringdevice

Applicability asportabledevice

In this sectionthe key ideasof the di erentmonitoringtechniquesare explainedand compared
accordingo thecharacteristicenumeratedbove. Sincetheexperimentapartof thiswork is focused
on EEG, this techniqueis reviewed in greaterdetail, following mainly [Zschocle, 1995] and[Bolz
andUrbaszek,2002] if no otherreferencdas mentionedexplicitly. A good descriptionof all other
monitoringtechniquesanbe foundin [Ddssel,2000], exceptfunctionalnearinfrared spectroscop
whichis describedor examplein [Izzetogluetal., 2004].

2.2.1 The Electroencephalogram(EEG)

The EEGwhich canberecordedat the scalphasamplitudesbetweer0 V and80 V andafrequeng
rangebetweenOHz and80Hz [Schmidtand Thews, 1997]. For several reasonghe potentialdi er
enceswhich canbe measuredetweentwo points of the scalparevery di erentfrom thosewhich
couldbe measuredavhenelectrodesvereimplanteddirectly in the brain,i.e. whenthe actity of the
potentialgeneratorgould be measurediirectly:

1. A superpositiorof potentialsgeneratedn di erentareasof the cortex is measuredisingscalp
electrodesincebraintissueandtheliquor areconductve (volumeconduction,gure 2.8).

2. The amplitudeof the originally generatedootentialdi erencess attenuateecauseof the
resistve propertief thetissuebetweerthe potentialgeneratorandthe electrodge.qg. liquor,
skin, boneof the skull).

3. Capacitiecausedy cell membranesindotherinhomogeneitiege.g. liquor-skull, skull-skin)
betweenpotentialgeneratorsand electrodesn uence the amplitudeof the EEG signalsasa
functionof their frequeng assketchedn gure 2.10.

A diagramof theresistve andcapacitve elementdbetweerpotentialgeneratorandelectrodess
depictedn gure 2.9.
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Figure2.8: Volumeconductionin the brain. Bold lines indicatea strongerimpacton the measured
signal,sincethe distancefrom the correspondingotentialgeneratotto the scalpelectrodeandthus
thetotal resistancés smaller

electrode

skull & skin

tissue cell

. potential generator

Figure2.9: Resistve and capacitve elementdbetweenpotentialgeneratorand scalpelectrodesac-
cordingto [Dossel,2000] and [Bolz and Urbaszek,2002]. For simplicity only onetissuecell is
shavn. Re: resistancef the extra-cellularspacegtheliquor), R;: resistanc®f theintra-cellularspace,
Rn: membranegesistanceC,,: membranecapacity Rs: resistancenf skin andskull, Cs: capacity
representingll inhomogeneitieat the boundaryof liquor, skinandskull.
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Figure 2.10: In uence of capacitiescausedby inhomogeneitiebetweenpotentialgeneratorsand
electrodesn the EEG amplitudeasa function of EEG frequeng. Sketchedusinga few datapoints
from [MeyerWaarden,1985]

2.2.1.1 Electrode Positions

The positionsfor EEG electrodesshouldbe chosenin a way, that all cortex regions which might
exhibit interestingEEG patternsare covered. For mostapplicationghis is usuallythe whole cortex.
An internationallyacceptedtandardor electrodegplacementss the 10-20systentintroducedn 1957
by the InternationalEEG FederatiorfJasper1958]. During all experimentsconductedor this work
electrodesvereplacedaccordingo the 10-20system.

Threeanatomicateferencepointsmustbedeterminedeforethe 10-20systemelectrodepositions
canbefound( gure 2.11):

Nasion: Theonsetof thenoseontheskull, belav theforehead.
Inion: Thebory protuberancevhich marksthetransitionbetweerskull andneck.

Pre-auricular referencepoint:. Locatedbeforethe cartilaginousprotrusionof the acousticmeatus
(theauditorycanal).

Figure2.12shavsthe 19 electrodepositionsof the 10-20systemin their projectiononthecortex.
The namefor a particularelectrodepositionre ects the anatomicategion of the cortex above which
it is located. Fp standsfor frontopolar F for frontal, T for temporal,C for centralP for parietal,O

Thereasorfor thename10-20systemds thatelectrodesreplacedatdistance®f 10%or 20%o0f thelengthof several
connectiondbetweersomereferenceointsasdescribedelow.



2.2Monitoring Brain Activity 19

“*NX 4@ pre-auricular
. reference point

Figure2.11: Anatomicalreferencepointswhich representhe startingpointsfor nding theelectrode
positionsde ned by the 10-20system(with modi cationsfrom [Zschocle, 1995]).

for occipitalandA for auricular G denoteghe groundelectrode Evennumbersienotetheright part
of the head,odd numbersthe left part. The following procedurecanbe usedto nd the electrode
positionsusingthe abore de ned anatomicaleferencessstartingpoints:

1. TheconnectiorNI from nasionto inion via thetop of theheadis measuredBeginningfrom the
nasion the point Fpzis placedafter 10%of NI, theelectrode$-z, Cz, Pzandthepoint Oz are
placedeachafterproceedind20% of NI from the previous position. (No electrodesrelocated
atthepointsFpzandOzbut they areusedto nd the positionsof otherelectrodes.)

2. TheelectrodesAl andA2 areplacedat the left andright earlobes. The connectionPA from
onepre-auriculareferencepointto the otheronevia theelectrodepositionCz (which hasbeen
determinedbefore)is measured After 10% of PA above both referencepointsthe electrodes
T3 andT4 areplaced.20%of PA above T3 andT4 theelectrodesC3 andC4 areplaced.

3. Theconnection-0O; betweerthe point FpzandOz is measuredia the positionT3. Startingat
FpztheelectrodeFplis placedafter10%of FO1, theelectrode$7, T5 andO1 areplacedeach
afterproceedind20% of FO; from the previous electrode ln ananalogousvay the connection
FO, betweenFpzandOzvia T4 is measure@ndthe electoded-p2,F8, T6 andO2 areplaced
accordingly

4. Theelectroddg-3is placedat half the distancebetweer-7 andFz, the electrodeP3is placedat
half distancebetweenT5 andPZ. In the samefashionthe electroded-4 andP4 areplacedon
theothersideof the head.

WhenrecordingEEG with commonlyavailable EEG-capsor other standardrecordingdevices,
the procedurefor determiningthe electrodepositionsneedsnot to be repeatedprior to eachdata
acquisitionsessionHowever the accurag of electrodeplacement®ftensu erswhen e xible EEG-
capsareused. Although usuallydi erentcapsexist for di erentheadcircumferencesi cannot be
guaranteedhatfor eachindividual electrodesare placedexactly at the positionsde ned by the 10-
20-system.Thereforein clinical EEG recordingsthe whole procedureasdescribedabore is usually
carriedoutprior to eachsessiowhichis extremelytime consumingout whichguaranteesntheother
handexactelectrodepositions.For EEGrecordingin the context of userstateidenti cation andtask
demandassessmeni,is importantthatelectrodesanbeattachedsery quickly. For thatreasoreither
e xible EEG-capsor otherrecordingdeviceswhich aremorecomfortableto wearandeveneasierto

attach(seealsosection5.1) aresuitablefor thatpurpose.
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Figure2.12: Electrodepositionsof the 10-20system(with modi cationsfrom [Zschocle, 1995])

The 19 electrode®f the 10-20systemaresu cientfor mostclinical purposesDueto improved
ampli er technologyfor specialapplicationsmuchmoreelectrodegup to 128) canbe used,which
areusuallyplacedaccordingto variousnon-standardizedonventionsin eachEEG laboratory Note
thatalsoextensionsof the 10-20systemwith a coupleof moreelectrodegxist which areaccepteds
gquasi-standards.

2.2.1.2 Electrode Montage

The term "electrodemontage”refersto the variouswaysin which the signalsfrom di erentelec-
trodescanbe combinedbeforeampli cation [Niedermeger andda Silva, 1987]. Two generallydif-
ferentmethoddor connectingeEG electrodeso theampli er canbedistinguishedbipolarelectrode
montageandcommon-referencelectrodemontageln bothcaseshe EEGis measuredli erentially,
i.e.thedi erencebetweerthe potentialof two electrodegor betweeroneelectrodeandthe averaged
potentialof a setof electrodes)s measured.

For a common-referencenontagethe EEG signalsrepresenthe di erenceof the potentialsof
eachelectrodeandoneor morereferencgointswhichall electrodegor atleasta subsebf electrodes)
have in common.Therearegenerallytwo criteriafor goodreferencepoints:

1. They shouldbe far enoughaway from the cortex, sothatno brainactvity is capturedwith the
referenceelectrode.

2. They shouldbe at a positionwhereartifactsintroducedby other physiologicalprocessesre
low.

Thereforea referenceat the handor at the legs, which would beidealto ful Il the rst criterion,
is not reasonablesincelarge artifactsoriginatingfrom the ECG would contaminatehe signalin that
case.

Whenonly onereferencepointis usedfor all electrodesr for eachsubsebf electrodegnatural
reference)gelectrodeAl is often usedasreferencefor the EEG electrodesover the left half of the
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cortex and electrodeA2 for thoseover the right half. Anothercommonchoiceis to useelectrode
Cz asreferencéor all otherelectrodes As setsof referenceeclectrodesvhosepotentialis averaged
beforecalculatingthe potentialdi erencebetweenEEG electrodeandreferenceshe electrodesAl

andAz2 or evenall electrodesanbe used(technicalreference).Although the latter casehassome
adwantagessinceartifactsintroducedby one electrodefrom the referencesethave a lower impact,
it hasthe disadwantageof a spatiallow pass.The actvity of eachelectrodeis mappedwith a small
amplitudeto all otherelectrodechanneldecauseachelectrodes partof thereferenceset.

The ideaof bipolar electrodemontagess thatalwaysthe di erencebetweenneighboringelec-
trodesis taken. This hasthelarge disadwantagethatnotthe "real” EEG,i.e. anapproximatiorof the
dipolecon gurationbelow eachelectrodas measuredbut thedi erencebetweerthedipolecon gu-
rationsbelov adjacentlectrodesin the medicaldomainbipolar recordingsareinterestinghowever
to detectthespeci c locationof particularprocessesf oneprocesdakesplacebelown two electrodes,
therewill beazerosignalfor therecordingof exactly thesewo electrodesA specialcaseof abipolar
electrodemontages the laplacianmontage.Hereall neighborsof oneelectrode(up to 8 electrodes)
areincludedin the setof referencesThis is advantageou$or somespecialclinical applications.

Finally groundelectrodesrerequiredto reducenoisefrom the AC power lineswhich is present
in the whole body andthusalsocontaminateshe measuredaignals. Intuitively speakinghe ground
electrodggivesthe noisesignalthe possibilityto o w out of the body againsta comparatiely small
resistance.Thereforethe noisetakes preferablythe pathvia the groundelectrodeandnot via other
electrodesso that the measuredsignalis contaminatedess. (It is alsopossibleto give a signalon
the groundelectrodewhich is inverseto the noisesignal, so that both signalsannihilate. This is an
appropriatemeanfor evenmoree ective noisereduction.)In the 10-20systemthe positionfor the
groundelectrodes closein front of the positionFz (see gure 2.12). However alsoother positions
for groundelectrodesarepossibleaslong asthey captureaslittle muscularactiity aspossible since
thiswould introduceartifactsin all electrodechannels.

2.2.1.3 Electrodes

Electrodesarethemostcritical componentsvhich determinghe EEG signalquality. It is theirtaskto

mediatebetweertheion basedransporpf electricalchagein thetissueandtheelectrorbasedthage

transporin coppemwireswhichleadto theampli er. In thetissueanelectrolyteis responsibldor the
conductionof electricity Thisis typically NaCl which dissociateso Na* andCl ionsin awatery
solution. Theelectrodehowever getsonly in contactwith the skinwhich is relatively dry andusually
not permeabldor the electrolytein thebody Thereforeit is essentiato useanadditionalelectrolyte
(in form of electrodepaste)which permeatethe skin andthusestablishea connectiorbetweerbody
electrolyteandthe metalphaseof the electrode As a consequencthe resistancendthe capacityof

theskin (Rs andCsis gure 2.9)decreaséy someordersof magnitudewhenusingelectrodepaste.
Only thismakesEEGrecordingpossible.

The interactionbetweenmetal phaseand electrolytephasemainly determineghe propertiesof
an electrode. Due to di erentelectro-chemicapropertiesof both phaseselectronstend to move
preferablyfrom metalto the electrolyteor vice versa,until a certainpotentialdi erenceébetweerboth
phasess reachedThis potentialdi erencds calledelectrodepotentialor equilibriumpotentialsince
chemicalndelectricalpotentialdi erencedetweerelectrolyteandmetalarein theequilibriumhere.
Becausef theelectrodeotentialpolarwatermoleculegwhicharecontainedn theelectrolyteattach
themselesat the boundarybetweerboth phasesothata doublelayer (ionsandwatermolecules)s
formed, the Helmholtz doublelayer This doublelayer is not easily permeabldor electronsand
therefordt representa capacity( gure 2.13).Neverthelesanexcesf electronsat eithersideof the
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Figure2.13: The Helmholtzdoublelayer Sincethe potentialof the metal’ , is smallerthanthe
electrolytepotential' ¢, the hydrogermoleculesof thewaterdipolespoint the metalside.
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Figure2.14:Electricaldiagramof anelectrode Cy, andR; representhe capacitve andresistve parts
of theimpedancet the boundarybetweerelectrolyteand metalphase(i.e. atthe Helmholtzdouble
layer). They vary with di erentfrequenciesR; is theresistancef the electrolyte.

doublelayerleadshesidescapacitve currentalsoto aresistize current,.e. arealtransferof electrons
betweerboth phasesresultingin the electricaldiagramof the electrodeasshavn in gure 2.14. A
DC sourceparallelto thecapacityCp andtheresistancés, representinghe electrodepotentialwhich
varieswith the currentrequiredfor the measuremenghouldbe includedin the chartaswell. For
simplicity it hasbeenomitted herehowever sinceits in uence canbe modeledby changesf the
resistancdrs, which is a valid assumptiorfor the further explanationsn this section. R, represents
theresistancef the electrolyte.

Fromthechartin gure 2.14it canbeseerthatif Rt is high,mostchageistransferreadapacitvely
andasaconsequencsignalswith lower frequenciesreattenuatedigni cantly dueto theproperties
of acapacity ThisimpliesthatRs shouldbekeptaslow aspossible FurthermoreCy, andR¢ vary with
thefrequeng andwith thecurrentdensityof themeasure®C signalassketchedn gure 2.15.1t can
be seenthat especiallyfor highercurrentdensitiesmpedancevary a lot with the signalfrequeng
which largely distortsthe original signal. (In particularRs becomeshigherwhena highercurrent
densityis requiredfor the measuremerginceonly alimited amountof electronscanpassthe double
layerperunit of time.) Thereforethe currentdensityrequiredfor the measuremerghouldbe keptas
low aspossiblewhichis oneimportantdesigncriterionfor theampli er.

We concludethat the ideal electrodeshouldhave alow R; sothatlittle of the chage exchange
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Figure2.15: Behavior of the complex electrodeimpedancgthe real part correspondso the resis-
tive componentthe imaginarypartto the capacitve componentfor di erentcurrentdensitiesand
frequenciegfrom [MeyerWaarden ,1985]).

takes place capacitvely and the amountof electronswhich can passthe doublelayer at a time is
high. This assureshatthewhole EEG frequeng rangeis distortedonly little by the propertiesof the
electrode.

Two types of electrodescan be distinguished. Polarized(or reversible) electrodesand non-
polarizedorirreversible)electrodesPolarizecelectrodesreusuallymadeof preciougmetals mostly
gold or of stainlesssteel.For thetransferof electrondbetweemmetalandelectrolytephaseeductions
andoxidationsmusttake placewhich requirean high excessof electronsat eitherside. Thatmeans
thatthe resistancdRs is comparatiely high andthereforethe frequeng rangeof the original signal
is distortedlargely by the electrodeproperties. Non-polarizedelectrodesvhich are madeof silver
(Ag) with a thin silver-chloride (AgCl) layer on top (Ag-AgCI electrodespre stateof the art since
their resistve components muchlower. (Polarizedelectrodesareusedonly for specialapplications,
mostly signalregistrationinsidethe body where AgCl would be toxic.) The ideaof non-polarized
electrodess thatchage is never transfereddirectly betweermetalandelectrolytebut thatthe AgCl
senesasmediator Thechemicalreactiongelatedto the chage transferrequiremuchlessactivation
enegy thanthe oxidationandthe reductionin caseof the polarizedelectrodes.Thereforea smaller
excessof electronsat eithersideis requiredto initiate areal electrontransferi.e. Rt is considerably
lower comparedo polarizedelectrodesndit staysalmostconstanfor alarge frequeng range,also
for highercurrentdensitiesThee ectof thatcanbeseenin gure 2.16: For the AgFAQCI electrodes,
the signalamplitudesareonly attenuateaigni cantly for frequenciebelov 1Hz sinceonly for very
low frequenciedR; becomedoo large. Whenstainlesssteel(SS) electrodesareusedR; is already
large for higherfrequenciesvhich canbe seenin a strongersignalattenuatiorcomparedo Ag=AgCI
electrodes.

The principle of non-polarizecelectrodess depictedin gure 2.17. In caseof anexcessof Cl
ionsin theelectrolyte Ag" ionsaredravn from the AgCI. Theresultinglack of Ag* ionsin the AgCI
is coveredby new silverionswhich fall outthe solid silver andleave a free electrontherewhich then
"moves”to theampli er. Toomary K* ionsin theelectrolytedranv Cl ionsfrom the AgCI sothatthe
excessof free Ag* ionsremainswhich arethenintegratedin the solid silver. During this integration
processanelectronis dravn from the currentsource.
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Figure 2.16: Signal attenuatiorfor varying frequenciedor Ag=-AgCI electrodesand stainlesssteel
electrodesvith 1.0mm(SS1.0mm)and0.5mm(SS0.5mm)tip size,which are usuallyappliedfor
intracranialrecordingsWith modi cationsfrom [Niedermeger anddaSilva, 1987].

KCl1

Figure2.17:Principleof non-polarizedAg=AgClI electrodesvith KCI electrolyte.Left: excessof Cl
ionsin theelectrolyte right: excessof K* ionsin theelectrolyte.

2.2.1.4 EEG Ampliers

In section2.2.1.2is wasmentionedhat EEG signalsareusuallymeasuredli erentially i.e. theam-
pli er outputsthedi erencebetweenthe signalfrom the electrodewhich captureghe actualEEG
(henceforthreferredto as EEG electrode)andthe signalfrom the referenceelectrode(s).The EEG
electrodds usuallyconnectedo thepositive inputof theampli er (thereforethecorrespondingignal
is referredto asU, in thefollowing), thereferenceelectrodds connectedo thenegative input (there-
foreits signalis referrecdto asUy, in thefollowing). Thereasorfor theapplicationof thismeasurement
techniques thatit helpsto eliminatethe so calledcommonmodesignalUg. Thisis mainly a 50Hz
or 60Hz signalwhich is injectedcapacitvely or inductively in thebody Its amplitudeis at leastone
orderof magnitudehigherthanthe signalof interesthowever it hasthe samephaseandamplitudeat
all positionsof thebody Thuswe have
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Figure2.18:Principalof di erentialEEG measuremenSeetext for the explanation.

whereUggg is the signalfrom the EEG electrodewithout the commonmodenoiseandU res the
signalfrom thereferenceelectrodewithoutthecommonmodenoise.Usingdi erentialmeasurements
the outputsignal U, ideally doesnot containthe commonmodenoiseUg arymore ( gure 2.18).
Whenit canbe assumedurthermorethatthe signalURges is mostly constanf{Uges = C), the output
of theampli er U, di ersonly by ano setfrom the potential uctuationsatthe electrodeof interest.

Due to tolerancesduring the manufcturingof the electroniccomponentof the ampli er the
commonmodesignalis never rejectedcompletely ThereforeU ; usuallyevaluateso

Ua = 1Up 2Un (2.1)

= 1Ugec  2Uret +( 1 2)Uy

It canbe seenthat Ug is not containedn U only if 1 = », i.e. if thesignalsU, andU, are
ampli ed exactly equallywhich is never the casefor real ampli ers. The commonmoderejection
ratio (CMMR) is an acceptedneasurdo quantify the ability of the ampli er to rejectthe common
modesignal:

z } A

1
CMMR = ampli cation of the EEG signal §( 1+ 2)
~ ampli cation of thecommonmodesignal  j 1

Thelatterapproximatioris valid for smallvaluesof ; > comparedo i1and ».

AcceptableCMMRs mustbe larger than100000:1(100 dB). For anampli cation factorof =
100 this correspondso a toleranceof .2—2 = 0:1%. Note thatthe commonmodesignalis about
1000timeslarger thanthe EEG signal. Thereforethe signalto noiseratio is only 1 for a CMMR of
1000:1(60dB) while it is 100for a CMMR of 100000:1.

A secondmportantissuefor the designof EEG ampli ers is thatthe input resistancéasto be
very high sincethis assureghat the currentdensityfor the measuremernis keptlow. (The lower
theresistanceR in a circuit the higherthe currentl which o ws for a certainpotentialdi erenceU
following Ohm'slaw U = R 1.) A low currentdensityguaranteethatthe original signalis distorted
aslittle aspossibleby the electrodepropertiesasexplainedin section2.2.1.3.

Furthermorea high inputresistancef theampli er malkestheimpedancesf skinandelectrodes
negligible, which is importantto obtaina goodcommonmoderejection: For two di erentmeasure-
mentpointstheseresistancesire usually not symmetric. If they playeda large role for the overall
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Figure2.19: Principle of voltageadaptation.Rg; andRg arethe skin impedanceslRg andRg the
electrodeimpedanceand Rjy; and Rip, the input impedance®f the ampli er. The averagesignal
amplitudefor bothchanneldecomespproximatelyequal,only aftertheinputimpedances.

impedancea consequencef thisasymmetrywould bethatthe commonmodesignalwould have dif-
ferentamplitudedor bothchannelsvhichwould decreas¢he CMMR sincethe commonmodesignal
could not be eliminatedby di erentialmeasurementsOnly if the electrodeand skin impedances
arengyligible low comparedo the ampli er input resistancegwhich are equalfor both channels)
thevoltagedi erencebetweerboth channeldbecomessu ciently small. This principle,commonly
known asvoltageadaptationjs depictedin gure 2.19. Anotheradvantageof voltageadaptatioris
thatthein uence of thefrequeng dependencof the skin andelectroderesistancess reducedsince
they aretoo smallto distortsignalamplitudessigni cantly.

Sincea high inputresistance&annot be combinedwith a high ampli cation for physicalreasons,
aresistanceonverterhasto be usedbeforeampli cation. Theresistanceorverterhasthe following
properties:It hasa high input resistanceit alreadyrejectspartly the commonmodesignalandit
allowstheuseof anampli er with alow inputresistancéor furtherprocessingvithout modifyingthe
frequenyg responsef thesignal.

Finally an EEG ampli er usuallycontainsa low passanda high passlter. The high pass lter
is necessaryo eliminateo setsin the signal,mainly producedby varyingimpedancesf the skin or
the electrodege.g. dueto sweatingor too little electrodegel). It is usually placedafter the actual
ampli er, sincetheampli er itself canalsobethe sourceof 0 setsdueto manufcturingtolerances.
A low passlter is particularlyimportantfor digital EEG devicesin orderto avoid aliasingartifacts
duringsampling.But alsohigh frequentartifactsoriginatingfrom electronicdevicesin the surround-
ing or from musculamovementareeliminatedusinglow passltering. Thereforethelow passlter
is mostly placedbefole the actualampli er. Figure2.20depictsall maincomponent®f a common
EEG ampli er, consistingof the low passandthe high pass lter, the resistancecorverterandthe
actualampli er. Notethatareal EEG ampli er containsmary additionalcomponentsvhich prevent
the o w of too high currentsin the patients body Their descriptionis howvever beyondthe scopeof
thisthesis.

2.2.1.5 Artifacts

Generallytwo categoriesof artifactscanbe distinguishedn EEG measurementsiological artifacts
which arecausedy therecordedsubjectandtechnicalartifactscausedy the EEGrecordingdevice.
The sourceof mary biologicalartifactsaredipolesoriginatingfor examplefrom musculamactiv-
ity which aremuchstrongerthanthe EEG relateddipoles. A superpositiorof bothtypesof dipoles
causeartifactsin thesignalwhichareoftencharacterizely large peaksor uctuationsof aparticular
morphology( gure 2.21).Sometime$oweverthey canhardlybedistinguishedrom theactualEEG.
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Figure2.20: Main component®f anEEGampli er.
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Figure2.21: Generatiormechanisnof biological artifactscausedy large dipoleswhich are super
imposedonthe EEGrelateddipoles.

Otherbiologicalartifactsin uence the contactbetweerskin andelectrodeor the electricalproperties
of themediumbetweermpotentialgeneratorandelectrodes.

Thefollowing processesr actvities relatedto therecordedsubjectcancausebiologicalartifacts.:

Theneurondn theretinageneratalipoles.During verticaleye movementsandalsoduringeye
blinks the eye moves up- and dovnwardswhich changeghe directionof thesedipoles. This
introducessaw toothshapedartifactsin the EEG signal. Artif actsintroducedby horizontaleye
movementsaremorerectangulashaped.

The dipole causedvy the electricalactivity of the heartis one orderof magnituddarger than
the dipolescausedoy neuralbrain actvity. Peaksrepresentinghe QRScomplex of the ECG
signalcanthereforeoftenbe seenin the EEG signalat frequencie®f aboutlHz.

Sensornyneuronsof thetonguealsogeneratalipoles. Thereforeonguemaovementsanbe seen
asslow andirregular uctuationsin theEEG.

Potentialdi erencesausedy facialmusclegntroducepeaksin the EEG.
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If anelectrodas placeddirectlyabore abloodvesseln thescalp,its pulsechangesheelectrical
propertieof the mediumbetweercorte andelectroderhythmically Furthermordt cancause
smallelectrodeshifts. Bothe ectsresultin resistancehangedetweerpotentialgeneratoand
electrodeandthusin periodicoscillationsof the signal.

The stateof the subjectshair (greasytreatedwith hairsprayetc.) canin uence resistancée-
tweenskin anelectrodeandthuscausea changeof amplitudesacrosssessions.

A lot of psychologicabndphysiologicale ects(e.g.theincreasef physicalor mentaltaskde-
mand)canin uence theactvity of perspiratoryglandsresultingin resistancehangedetween
skin anelectrodeandthereforein change®f the EEG amplitude.Notethatfor the assessment
for taskdemandsuchartifactsmight possiblybe even of adwantage.

Sweator too muchconductve pastecancauseshortcutshetweenelectrodesvhich leadsto a
strongdecreasef signalamplitudes.

Thefollowing importanttechnicalartifactscanbedistinguished:

Brokenor dirty electrodegancausesuddenarge potentialchangessincetheHelmholtzdouble
layerbecomesinstable.

Dirty or corrodedcontactsof cablesor even broken cablescancausea decreasef the signal
amplitudeor evenazerosignal.

Badly attachedyroundelectrodesr a too strongasymmetrbetweertheimpedancesf EEG
andreferenceelectrodegdueto dirt or corrosion)canbe detrimentafor the CMMR.

Dependingon the designof theampli er noisefrom high frequentelectromagneticelds (e.g.
radiowaves)canbe mappedartly to lower frequencie®f the signalwhich aredisplayedn the
EEG.

Personsmext to the subjectwhich is recordedcan chage themseles electrostatically Then
electricitywhich s transferednductively to therecordedsubjectwith large voltagescancause
artifactsof variableshapen thesignal.

Note thattechnicalartifactsandalsosomebiological artifactscanbe generallyavoidedwhenthe
recordingequipments operatectorrectlyandthe subjectto berecordeds preparedarefully Other
artifactsareinevitable.

2.2.2 The Magnetoencephalogram(MEG)

Similar to the EEG the MEG alsomeasuresorrelatesof the neuralbrainactiity. However no elec-
trical potentialdi erencedut the magnetico w causedy cortical eld potentialsis measuredhere.
Sincethe magnetic eld which correspondgo an electrical eld is perpendiculato this electrical
eld, the MEG is mostsensitve for dipoleswith a tangentialorientationto the surfaceof the head
while the EEGis mostsensitve for dipoleswhich areorientedradially from the centerto the surface
of thehead.
TheMEG hasahightemporakesolutionwhichis comparabléo the EEGandits spatialresolution
is evenbetter FurthermoreMEG sensorgequireno directcontactwith the skin in contrastto EEG
electrodesThemostimportantdravbackof theMEG is howeverthathighly sensitve magnetometers
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(SQUIDs, i.e. superconductiomuantunminferencedevices)mustbe usedfor its registration,sincethe
signalswhich canbe measuredtthe scalpareextremelyweak. SQUIDSsrequirealot of spacethey
areexpensve andthey mustbe coolednearthe absolutezerotemperaturdo exhibit their supercon-
ductingproperties.ThereforeMEG recordingwith portabledevicesis impossible.Finally the MEG
su ersfrom thesameproblemasthe EEGthatonly actwvity from avery smallfractionof neuronsan
bemeasuredtthescalp(seesection2.1.2).SinceEEGandMEG measureomplementargignalsas
mentionedabove, bothmodalitiesareoftencombinedfor clinical purposes.

2.2.3 Functional Near-Infrar ed Spectroscopy(fNIRS)

FunctionalNearInfraredSpectroscop (fNIRS) is atechniquewhich canbe usedto monitorthe con-
centrationof oxygenatechemoglobin(Oxy-Hb) and deoxygenatedhemoglobin(Deoxy-Hb)in the
blood. Oxy-Hb bindsoxygenmoleculego transporthemto regionswherethey areconsumedvhile
Deoxy-Hbdoesnot bind ary oxygen. Sinceneuronsneedmore oxygenwhenmore neuralsignals
have to be processedthe information aboutconcentratiorof both hemoglobintypesallows infer-
encesaboutbrain actiity: A larger concentratiorof Oxy-Hb in a certainareaindicatesa higher
neuralactiity in this area.

Theunderlyingprinciple of fNIRS is thatbiologicaltissuesarecomparatiely transparento near
infraredlight (wavelengthdetweery00and900nm) but hemoglobirin thebloodre ectsthisnearin-
fraredlight at certainwavelengths However light intensityis notonly re ected but alsoabsorbedand
scatteredby hemoglobin.Sincethe absorptiorandthe scatteringoropertiesof Oxy-Hb and Deoxy-
Hb aredi erent,they re ect the samelight impulseswith di erentintensities.This informationcan
be usedto calculatethe relatve changef the concentratiorof Oxy-Hb andDeoxy-Hbat a certain
positioncomparedo abaseline.

An apparatugor fNIRS usuallyconsistf oneor morenearinfraredlight sourcesanda detector
array Both can easily be mountedon the forehead. ThereforefNIRS is well suitedto construct
portabledevicesfor monitoring brain activity. Comparedo EEG they have the advantagethat no
conductve pastebetweersensorandskinis neededhowvever sensorganonly be placedat positions
without hair. Furthermorethe informationprovided by fNIRS is muchlessdetailedthan EEG data:
For eachsensormnly an estimateof the currentbrain activity for the cortex region underthis sensor
is obtained. While this may be suitablefor applicationslike assessmertf task demand,EEG is
indispensabléor clinical applicationsinceinferencesboutunderlyingneuralprocessesanbemade
from the morphologyandthe frequeng of the EEG signals. The temporalandspatialresolutionof
fNIRS is comparabld¢o EEG.

2.2.4 Functional Magnetic Resonancdmaging (fMRI)

Standardmagneticresonancémaging measureshe responsef biological tissuewhen exposedto
a strongmagnetic eld and electromagnetidigh frequeng pulsesperpendiculato this eld. For
functionalmagneticresonancémagingthis technigueis modi ed so thatthe hemodynamicselated
to neuralactiity in the braincanbe measured.

Similarto fNIRS thismonitoringtechniquenmakesuseof di erencedetweerOxy-HbandDeoxy-
Hb, which exhibit adi erentbehaior in magneticelds. For regionswith a higherconcentratiorof
Deoxy-Hbthe fMRI responsdi.e. the contrastof the obtainedimage)is slightly wealer compared
to regionswith a higherOxy-Hb concentrationThisdi erencds extremelysmallsothatin orderto
detectit, dataobtainedrom severalrepetitionsof stimuli causinga particularOxy-Hb andDeoxy-Hb
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distribution mustbe averagedwhich increaseshe signalto noiseratio). This methodis alsoreferred
to asBOLD contrasimaging,i.e. Blood OxygenLevel Dependentontrasimaging.

The preciserelationshipbetweenneuralsignals(e.g. EEG signals)andthe BOLD responsés
underactiveresearchindi erentstudiesacorrelatiorbetweereEG- activity andbloodoxygenation
hasbeenfound (seefor example[Laufs et al., 2003]and [Martinez-Monteset al., 2004]). However
modelswhich relateothertypesof neuralactiity to brain metabolisndo not exist yet to our current
knowledge.

Thetemporalresolutionof fMRI is muchworsecomparedo the imagingtechniguesnentioned
above, sinceit takes2-5 secondgo producea singleimage.However amuchbetterspatialresolution
canbeobtainedsliceimagesareproducedn awaythatthreedimensionamodelsof thebrainactivity
canbeconstructedvith voxelsassmallasthreemillimeterslengthon eachside. Furthermorealot of
brainactvity informationfrom centralbrain regionscanbe visualizedherewhich remainshiddento
EEG,MEG or fNIRS.

An MRI device is very large and expensve andit is not suitedat all to record peoples brain
actiity in every-daysituations.Themagnetigulsesproducealot of noiseduringrecordingandeven
slight motion causesrtifactswhich canhardly be corrected.For clinical purposesndthe study of
thebrain's functionfMRI is however well suited.

2.2.5 SinglePhoton EmissionComputer Tomography (SPECT)

Single PhotonEmissionComputerTomography(SPECT)also producesslice imagesof the brain,
similar to fMRI. While fMRI detectshowever di erenceshetweenoxygenatedand deoxygenated
hemoglobinin the blood, SPECTprovidesinformationaboutthe amountof bloodin particularbrain
regionsandthetemporaldistribution of a certainblood quantity(or a certaindrug)in the brainwhich
haspreviously beenmarkedwith radioactve tracerg(radiopharmaceutits).

Thekey ideaof SPECTis thatradiopharmaceuticalsmittinggammaraysareinjectedin a blood
vesselprior to the examination. Theseradioactve tracersare transportedhen via cardiozascular
systemsothattheir concentrations particularlyhigh at regionswheremorebloodis required.Brain
actvity hasbeenprovedto be particularlyhighin regionswith high blood o w [SchmidtandThews,
1997], so thatthe gammaactiity from a certainbrain region cansene asindicatorfor actvity in
this region. Notethatblood o w is highly correlatedwith the concentratiorof Oxy-Hb in the blood
[SchmidtandThews, 1997]whichis assessely fNIRS andfMRI.

Gammaactvity is measuredisingagammacameraotatingaroundthe patient. Thusprojections
of the gammaactvity for a numberof angels(usually 100-200)are obtained. Methodswhich are
commonlyusedfor standardk-ray computertomography(e.g. Itered backprojection)areapplied
thento generatea sliceimageof thegammaactuity.

Theapplicationof radiopharmaceuticals harmfulto thepatientin asimilarwayasx-rays. There-
fore SPECTcanbeusedonly for clinical applications Furthermoreghe samerestrictionsasfor fMRI
concerninghe spacedemandsf the recordingunit andthe mobility of the patientapply here. The
temporalresolutionof SPECTis slightly betterthanthatof fMRI (in eachsecondoneimagecanbe
obtained)the voxels of therecorded/olumehowever have lengthsof aboutlcmateachside.

2.2.6 Positron Emission Tomography (PET)

For PositronEmissionTomography{PET)radiopharmaceuticaiyeusedwhichemitpositrongnstead
of gammarays. Positronsare very unstableandalmostimmediatelyafter emission(aftera few mm
pathlength)a positroncollideswith anelectronresultingin the annihilationof both particlesandthe



2.3Physiological Corr elatesMental Statesand Task Demand 31

]
|

|

Coincidence detector
)
Line detector

Figure2.22: Principalof a PET system(with modi cations from [Dossel,2000]). The coincidence
detectodetectggammaguantaarriving almostsimultaneoushat oppositedetectors Theline detector
incrementsa counterfor theline which connectdhe two detectorsvherethe gammaguantaarrived.
Thevaluesfor all lineswhich canbeinterpretedasprojectionof thepositronconcentratiorare nally
passedo a computerfor reconstructiorof asliceimage.

emissionof two gammaguantavhich movein exactlyoppositedirections.A detectoring aroundthe
patientis usedto detectsuchevents,i.e. the arrival of two gammaguantaat detectorson opposite
positionsof the ring at the sametime ( gure 2.22). For reconstructiorof a slice imagefrom the
detectedventstechniquesimilarto thoseusedior SPECTor x-ray computetomographyareapplied.

PET providessimilarimagesasSPECT however it hasa betterspatialresolutionwith voxels of
about3mmsidelength.However PET devicesaremuchmoreexpensve thanSPECTdevicesandthe
productionandapplicationof radiopharmaceuticais muchmoredi cult. Their half-life periodis
usuallyonly betweerlOminand100minsothatpositronemittersmustbeappliedalmostimmediately
aftertheir production.

2.2.7 Summary

Table2.1 providesanovervien over all describedechniquegor monitoringbrainactuity.

2.3 Physiological CorrelatesMental Statesand Task Demand

2.3.1 Functional Cortex Divisions and and the Identi cation of Mental Statesin the
EEG

Di erentsensornyinputsareprocesseatdi erentpartsof the cortex. Furthermoreparticularcortex
areasareinvolved in highermentalfunctionssuchasmemaory control of attention,complex planing
andreasoningFigure2.23givesanoverviav over the functionsof di  erentcortex regions.
Whensensonyjinputsareprocessedr whenothermentalprocessindakesplace the correspond-

ing regionsof the cortex areparticularlyactive. We areinterestechow in the EEG-correlatesf this
actiity. At this point the thalamusbecomesmportant. Its mainrole is the preprocessingf periph-
eral sensoryinputsandtheir forwardingto thosecortex regionswhich are concernedvith the nal
processingf thesenputs. Thesearethe primary sensorycortex regionsandthoseregionswhich are
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Figure 2.23: Functionalcortex divisionsaccordingto [Schmidtand Thews, 1997] and [Dudel and
Backhaus1996]. Thecortex imageis takenfrom [Scienti ¢ LearningCooperation1999].

responsibldor high level processingf the perceved information,e.g. the planningandinitiation of
responses.

Thedi erentnucleiof the thalamuscan operatehowever in two di erentmodes( gure 2.24),
dependingn the presencef sensorystimuli andon the currentvigilancelevel:

Oscillation mode: Whenno or only weaksensoryinputsare presentor a particularnucleusandor
vigilanceis low, impulseswith afrequeng betweerBHz and13Hzareconstantlysentto those
cortex regionswherethis nucleusprojectso (i.e. to whichthisnucleussendsa erences)These
impulsescausea syntironizationof neuralactiity in the correspondingortex regions. Thus
a rhythmic neuralactvity called -rhythmis generatecandin the EEG measuredver these
cortex regions,oscillationswith afrequeng of thethalamudmpulsescanbeobsered.

Transfer mode: In this modesensoryinputsare preprocessedndthe preprocessethformationin-
steadof rhythmic impulsesis sentto the cortex regions which are responsiblgfor the nal
processing.This leadsto a desynbronizationof neuralactvity, i.e. to the attenuatioror even
the vanishingof -actiity andanincreaseof actiity at otherfrequenciedor the particular
regionswhich canalsobeobseredin the EEG.

Thuswe canbrie y summarizeneuralprocesseselatedto mentalactiity asfollows: Givena
su ciently high vigilance level andthe presencef sensoryinputs, the thalamicnuclei processing
theseinputs switch from oscillation modeinto transfermode,i.e. they activate the corresponding
cortex regions. Activationmeansdesynchronizatiorsothatin the EEGthe powerin the -frequeng
banddecreasefor theactivatedregionsandpower in otherfrequeng bandsincreaseindicatingthat
highermentalprocessearetakingplace.

Notethatmentalactvity cancertainlytake placeaswell withoutthe presencef externalsensory
stimuli. Althoughtheprecisemechanismsf thecortex activationrelatedto thatkind of actiity is still
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Figure2.24: Oscillationmode(left) andtransfermode(right) of thethalamus.

subjectof researchit canbetakenfor grantedthatthethalamusdoesnot sendin ary casesmpulses
causing -actvity to theinvolved cortex regions. Possiblythe stimuli from the cortex itself in uence

the thalamusindirectly via otherfunctionalentitiesof the brainin orderto avoid thatit switchesto

oscillationmode.

Furthermordt mustbe pointedout that the activation of a particularregion, i.e. the desynchro-
nizationin this region never correspond$o anincreaseof total power in the EEGwhich is recorded
with commonampli ers. Insteadeven a decreasén total power is usuallyobsered sincethe ampli-
tude of otherEEG rhythmsis muchlower thanthe amplitudeof the -rhythm. The total power of
thereal EEGsignalin the presencef sensonyjinputs,i.e. thetotal power of all potential uctuations
which canbe measuredt the scalp,is usuallymuchhigherthanthatof the measued EEG however,
dueto DC potentialswhich arecharacteristidor the processingf sensoryinputs[Zschocle, 1995].
The measurementf the DC componenbf the signalis very di cult, sinceit is in uenced strongly
by propertiesf theskin andelectrodesothatits fractioncausedy neuralactivity canusuallynotbe
detected ThereforecommonEEG ampli ers eliminatethe DC componenbf the signalusinga high
passlter.

Table2.2 givesanoverview over the mostcommonEEG frequeng bandsaccordingto [Schmidt
and Theaws, 1997]. Note that sometimesseveral subbandsof - and -actvity areconsideredsee
for example[Duta et al., 2004]). Furthermore -actvity is seenasa subbandf -activity by some
researcherg [Duta et al., 2004], [Niedermeger and da Silva, 1987]) or it is simply referredto as
40Hz oscillation[Schmidtand Thews, 1997]. Finally a -rhythm between8Hz and13Hz which is
particularlyrelatedto motor actvity is often considerecaswell [Pinedaet al., 2000]. Similarly to

-activity which vanishesin presenceof sensorystimuli, -activity canbe obsered over the mo-
tor cortex (the centralcortex lobe) only whenno motor activity is executed,obsered or imagined.
Otherwise -actvity vanishes.

Particularly the actiity in -frequeng bandhasbeenfoundto be relatedto highermentalpro-
cesses. -actvity is generatedby corticalneuronghemseles,i.e. no extra-corticalrhythmgenerators
suchasthe thalamusare involved here. Thusa plausiblehypothesisconcerningthe characteristics
of di erentuserstatescould be, thatin regionswhich areactivatedduring a particularstatethe en-
ey of the -frequeny rangedecreasewhile the enegy for higherfrequeng bandgaround40 Hz)
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| Name| Frequeng range |
0.5Hz- 3.5Hz
4Hz - 7THz
8Hz-13Hz
14Hz- 30Hz
around40Hz

Table2.2: Di erentEEGfrequeng bandsaccordingo [SchmidtandThews, 1997]

increases.

Figure 2.25 shaws the spectrogramsor 16 electrodedor recordingsof the userstatesresting,
listeningto atalk andreadinganarticlein amagazineWhile spectrogramef singleelectrode®often
donotdi er muchacrossall threeor at leasttwo of theseuserstatesthe informationcontainedn
thespectrogramsf all electrodeseemssu cientto uniquelyidentify a particularstate. This seems
even possiblewhen pooling frequenciesnto only two sub-bandsa lower andhigherone. In some
caseghedi erencedetweerthe spectrogramacrossstatescanbe explainedby thefactthatregions
which shouldbe activatedduring a particularstate(accordingto gure 2.23) shav an increaseof
high frequenciesanda decreas®f low frequenciesElectrodeP4 (whichis locatedover the parietal
corte, see gure 2.12) shavs for example much more high frequentactiity during readingthan
during restingor listening. However this hypothesiss by far not true in all cases. ElectrodeT4
for exampleshouldcaptureactivity from the areasin the temporalcortex which processpeechand
language However, it shawvs morehigh frequentactivity duringrestingthanduringtheotherstates.

We concludethatfor di erentmentalstatesdi erentkindsof potential uctuationsoverthewhole
cortex canbe obsered, i.e. the frequeng contentof the signalsmeasuredt several electrodedlif-
fers. The combinationof the spectrogramsbtainedfor the signalsfrom all theseelectrodesesults
in a patternwhich canidentify a userstateuniquely While it is probablydi cult to explain the pat-
tern correspondindo a particularstateby a priori knowledge,the informationthatdi erentpatterns
for di erentstatesexist, seemssu cientto attemptthe applicationof statisticalmachinelearning
algorithmsfor their discrimination.

2.3.2 TaskDemand,Alertnessand Vigilance

In psychologyandergonomicsthe distinctionbetweentaskdemandstressyandworkload(strain)is
very important. Mental taskdemandis de ned asthe degreeto which anindividual hasto usehis
mentalresourcego ful ll a certaintaskwhile mentalworkload correspondso the compleity of a
taskindependentrom the mentalresourcesequiredby anindividual for its execution[Bokranzand
Landau,1991].

Within this thesiswe are concernedwith the assessmerdf mentaltask demand,i.e. we are
interestedn the e ectwhich a mentaltaskhason anindividual. This is often, but not necessarily
correlatedwith thecompleity of thetaskitself, i.e. with workload.

The relationshipbetweenthe physiologicalcorrelatesof task demandand workload (i.e. task
compl«ity) hasbeenanalyzedn mary researchwvorks,e.g.[Smithetal., 2001 Pleydell-Pearcestal.,
2003 Berkaetal., 2004 |zzetogluet al., 2004]. (Theseworks arereviewed in section3.2in greater
detail.) For this purposephysiologicaldata(e.g. EEG, EMG, ECG etc.) wascollectedduring the
executionof taskswhich variedin di culty (i.e. taskswith varyingworkload),andregressiorfunc-
tionsweretrainedto outputindicesrepresentinghe useof mentalresourcesluringtaskexecution.In
all caseglatapointsfrom di erentworkloadlevelswereusedasexamplesfor di erenttaskdemand
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Figure 2.25: Spectrograméor 16 electrodedor the userstatesresting(top), reading(middle) and
listening (bottom). The enegy for the di erentfrequenyg bandsis representedn a "temperature
scalewhereblue meandow andred meanshigh. Thex-axisshavs time in secondsthey-axisgives

thefrequeny in Hz.



2.3Physiological Corr elatesMental Statesand Task Demand 37

levels, relying on the assumptiorthat both parametersre correlated. (Often authorseven usethe
termsworkloador taskloadto characteriz¢he useof mentalresources,e. taskdemandaccordingo
ourde nition.)

In [Junget al., 1997] and[Duta et al., 2004] (seesection3.2 for more detailson theseworks)
natural uctuations of the availability of mentalresourcesluring tasksrequiringsustainedattention
was examined,while workload was kept constantly These uctuations are commonlyreferredto
changesn alertnes®r vigilance(seebelow). In [Duta etal., 2004] EEG datasegmentsfor di erent
vigilancelevels wereobtainedoy manualannotatiorof the data,while in [Jungetal., 1997]therate
of failuresto respondcorrectlyto given stimuli wasusedasanindicatorof vigilance. In bothworks
alsoregressiorfunctionsaretrainedwhich outputanindex re ecting the useof mentalresources.

The performanceof the di erentregressionfunctionsrepresentingithertaskdemandor alert-
nessvigilancewasevaluatedby correlatingtheir outputswith di erentmeasuregBerkaetal., 2004,
Izzetogluetal., 2004]usedthedi culty levels(i.e. theworkloadlevels) of the performedaskasref-
erenceg|Pleydell-Pearcestal., 2003 Berkaetal., 2004 Jzzetogluet al., 2004 Smithetal., 2001 Jung
etal., 1997]an error measurer a performancaeneasuravhich areboth functionsof failuresto give
correctresponseto certainstimuli, [Dutaetal., 2004]anexpertratingof vigilanceobtainedoy visual
inspectionof the EEGand[Smith etal., 2001]self-estimation®f taskdemand.

We concludethatit seemgdi cult (or evenimpossible)to obtainobjective measuregor the use
of mentalresourcesvhich canbe usedto develop an EEG-basedaskdemandndex. Eitheronehas
to rely on subjectve estimation®f taskdemandpr taskdemandmustbe estimatedndirectly relying
onthehypothesighatit is well correlatedwith otherparameters(For somephysiologicalparameters
suchasECG or EEGthis correlationis provedto beratherstrong.)

While thetermsalertnesgin its commonsensaneaninggndvigilancecanbetreatedassynoryms
for thiswork, their relationto taskdemancdcheedssomeexplanation.

Vigilanceis de ned asa physiologicalcontinuumwhich rangesfrom fully responsie (alsore-
ferredto asactive alertness}o sleepines$Zschocle, 1995]. In the stateof high vigilancesu cient
mentalresourcesreavailableandtheseresourcesreusedeitherto processa hugenumberof stim-
uli or to expectstimuli attentvely. Vigilance decreasesgitherwhenlessmentalresourcesrecome
available (becauséhe individual is not relaxed but sleeyy), while the amountof stimuli may remain
constantpor whenthe numberof stimuli decreaseandor they areexpectedwith lessattention.Note
that stimuli can be either "external” sensorystimuli, or "internal” stimuli. The latter denotepure
mentalprocessesuchascomple reasoning.

Sincementaltask demandis de ned, accordingto our de nition, asthe amountof mentalre-
sourcesvhich arerequiredfor the executionof a speci ¢ task,we hypothesizahefollowing relation
betweentaskdemandandvigilance: In situationsof high taskdemanda large amountof mentalre-
sourcess requiredsincetherearemary "external” or "internal” stimuli to be processedThatmeans
thatfor a relaxed individual vigilanceis high aswell. Whentaskdemands reducedthe numberof
stimuli decreasewhich meansaccordingo theabove explanationadecreasef vigilance.Only if an
individual is notrelaxed, vigilancelevel andtaskdemandevel canbedi erent,sinceit mayhappen
in suchcaseghatmary mentalresourcesrerequiredout notavailable.Notethatsometimegheterm
vigilanceis evenusedto characterizeéaskdemand.In [Berkaet al., 2004] a developedtaskdemand
index is calledavigilanceindex for example.

In the next sectionneuralandEEG correlatef vigilancearedescribedaccordingto [Zschocle,
1995]. Theseshouldbe correlatesof taskdemandaswell following the abore hypothesis.Further
morespectrogramfrom EEG datarecordedor this work areshavn, which con rm this hypothesis,
sincefor di erenttaskdemandevelsthey exhibit EEG characteristicsorrespondingo di erentvig-
ilancelevels. Finally somenon-EEGcorrelate®f taskdemandareenumerated.
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2.3.2.1 PhysiologicalCorr elatesof Vigilance and Task Demand

The formatio reticularisplaysa crucial role for the regulation of vigilance[Zschocle, 1995]. This
anatomicaktructurecontainsthe ascendingeticularactivating system(ARAS) which controls(via
thethalamus}hebrain's -actvity. In a stateof high vigilance(fully responsienessor active alert-
ness) -actvity decreaseanddesynchronizatiomanbe obseredwhich is mostly connectedvith a
cortex actiity at higherfrequenciesvhich canbeseenn the EEG.

This e ect hasalreadybeenexplainedin section2.3.1with the changeof the operationmode
of the thalamug(from oscillationmodeto transfermode). Reasongor this operationmodechange
arenot exclusively the presencef sensorystimuli but alsochangesn vigilancelevel have a certain
in uence. In statesof high vigilancethe ARAS sendsa erencedo the thalamusso thatits nuclei
switchmucheasielinto transfermode(evenwhenlittle stimuli arepresent).This causeshatsensory
inputs are transmittedmore strongly (with higherimpulserate) to the cortex and that lessnuclei
remainin oscillationmode,sothatless -actvity and more desynchronizatioicanbe obsered all
over the cortex. Additionally during statesof high vigilancethe ARAS makesthe thalamusnuclei
senda erencego cortex regionswhich are not primarily concernedvith the processingf sensory
inputs(di useprojection)but which areresponsibldor highermentalprocesseandthe high level
processingf sensoryinputs.

Thus the dayree of vigilance is correlatedcorrelatedpositively with the amplitudeof non- -
actvity andnegatively with the amplitudeof -actwity. If the reasonfor high vigilanceis the ex-
ecutionof a particularmentaltask,suchascomple reasoningo understand talk or a presentation,
especiallyanincreasenf 40Hz actvity is to be expectedwhichis mostpronouncedn thoseregions
which aremainly concernedvith therequiredprocessingseealsosection2.3.1). In analogyto that,
theamplitudeof the -frequeng bandis expectedto decreasenostlyin theseregions,but it should
be attenuatedn otherregionsaswell. For arelaxedindividualswe hypothesizéo obsere the same
phenomenavhenthelevel of taskdemandhangegor thereasongxplainedabore.

Basedon the abore explanationsthe relationbetweerthe neuralcorrelatesof taskdemandand
di erentuserstatesshall nally be summarizedrie y: In section2.3.1is hasbeenexplained,that
during eachuserstatedi erentcortex regions are activated,i.e. a desynchronizatiorfincreaseof
non- -activity anddecreasef -actvity) canbeobsered. Thedegreeof desynchronizatiom these
regionsis directly correlatedwith the degreeof taskdemand.

Figure 2.26 shavs the spectrogram$or EEG signalsof 16 electrodesecordedduring periods
low taskdemandand high taskdemandof subjectswho perceved a slidespresentation.For mary
electrodest canbe seenthatthereis morehigh frequentactiity for high taskdemandcomparedo
low taskdemand.For otherelectrodeghe contraryis the casehowever, for examplefor electrodes
Pzor Fp2. A possibleexplanationfor this could bethatoneor a few subtasksequiredmoremental
resourcesvhenthe overall taskdemandvasratedto be low, comparedo the casewherethe subject
ratedhis overall taskdemando be high. Neverthelesghe hypothesisseemdo hold thatin general
an increaseof high frequentactiity corresponddo an increaseof task demand. The decreasef
lower frequentactvity for high taskdemands very small,i.e. theamplitudeof the -actvity seems
to be attenuatednly little. This is however not too surprising,sinceeven in situationsof low task
demandalreadyenoughstimuli arepresensothatonly little  -activity remains.The high amplitude
of the lower frequeng bandsis not only explainedwith -actiity, but alsowith artifacts (seein
particularthe red columnsin the spectrogramsf the prefrontalandfrontal electrodesn caseof low
taskdemand)and with other EEG actvity (e.g. -actiity and -actvity, seetable2.2). Note that
duringthe perceptiorof a presentatiorvirtually all cortex regionsareinvolved: the temporalcortex
for the understandingf speechthe temporaland parietalcortex for the understandingf slides,
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Figure 2.26: Spectrogramsor 16 electrodedor low (top) and high (bottom) task demandduring
listeningto a talk. The enegy for the di erentfrequeng bandsis representedn a "temperature”
scalewhereblue meandow andred meanshigh. The x-axisshawvs time in secondsthe y-axisgives
thefrequeny in Hz.

the occipital cortex for visualperceptiorandthefrontal cortex for the control of attention.Therefore
di erencesn thefrequeng conteniof theEEGsignalsfor thedi erenttaskdemandevelscanbeseen
for electrodestpositionsall overthecortex. We concludehattheobserationsfrom thespectrograms
con rm thehypothesighatEEG correlate®f taskdemandandvigilancearecloselyrelated.

An increaseof vigilanceandtaskdemands alsocharacterizedby anincreasingamountof oxy-
genatedloodforeheadi.e. moreoxygenis transportedn theblood. For overloadadecreasef blood
oxygenatiorcomparedo the highestoxygenatiorevel canbe obsered[Izzetogluetal., 2004]. Fur
thermorethe magnitudeof pupil dilation hasbeenshavn to be a function of mentale ort whichis
requiredto performa cognitive task[Beatty 1982],[HoecksandLevelt, 1993].



Chapter 3

RelatedWork

A lot of researchs concernedvith the computationaprocessingf humanbrain actvity with non-
clinical purposeln mostcase€EGis usedfor datarecordingout alsofunctionalmagnetiacesonance
tomography(fMRI) andfunctionalnearinfraredspectroscop (fNIRS) areapplicabletechniquedor
physiologicaldataacquisition.Threemainresearclgoalscanbedistinguished:

1. Identi cation of di erentmentalstates,i.e. di erentmentalactiities. Theseactvities can
beverydi erentsuchasrestingvs. performingmentalarithmeticor very similar suchasthe
perceptiorof di erentword cateyories(e.g. sh vs. for-legged-animalys. treesvs. o wers).

Di erentmotivationsexist for thisresearclyoal: Humancognitioncanbestudiedby analyzing
the propertiesof classi erswhich discriminatementalstategMitchell etal., 2004],i.e. infer-
encesaboutthee ectofdi erentmentalstateson neuralactivity canbe made.Furthermorehe
knowledgeaboutstateswvhich canbe discriminatedoarticularlywell andaboutmethodswhich
aresuitablefor thatis animportantprepamatory work for the developmentof Brain-Computer
Interfaces(BCls), which attemptto control electronicdevicesusingonly brain actvity. Note
that we distinguishthe researchwhich is concernedwith the sheardiscriminationof mental
stategmostly but not exclusively for BCI purposesfAndersonet al., 1995 Andersonand Si-
jercic, 1996 Ford, 1996,Culpepper1999]) from the actualconstructionof BCls (seeitem 3),
wherealsothe closed-loofeedbacks anessentiatomponeniLethonen 2003] (seealsosec-
tion 3.3). Finally the developmentof intelligentuserinterfaces|ChenandVertegaal,2004]is
to bementionedasa motivationfor theidenti cation of di erentmental(andphysical)states.

2. Assessmendf mentaltaskdemand alertnessr vigilance (seesection2.3.2for a detailedde-
scriptionof theseterms).In mostexperimentaketupsof theworks pursuingthis researcigoal
onesingletaskwasperformedfor whichthedi culty wasvariedin orderto provoke di erent
levels of taskdemandof the recordedsubject. Otherresearchermadeexperimentsvherethe
taskdi culty stayedconstantlybut a taskrequiringsustainedttentionhadto be executedfor
alongerperiodof time. Fromthe physiologicaldatarecordedduringtaskexecutionit wasat-
temptedo predictnatural uctuationsof vigilance.Becauseave hypothesize closeconnection
betweentaskdemandandvigilancewhich hasbeenexplainedin section2.3.2,we summarize
theresearchwhichis concernedvith eitherof theseparameterin this cateyory.

Two primary reasondor the assessmertf taskdemand alertnesof vigilance canbe distin-
guished:During critical tasksit is importantto be ableto predictandto avoid mentaloverload
andtoo low alertnessn orderto prevent dangeroussituations[Smith et al., 2001,Pleydell-
Pearceet al., 2003,Duta et al., 2004]. Furthermoreoperatorperformancecanbe increased,
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whenit is possibleto maintainthe operators cognitive loadon anoptimallevel by adaptinghe
way datais presentecppropriatelfJungetal., 1997 Berkaetal., 2004 Jzzetogluetal., 2004].
A lot of the researctwhich follows this motivation for taskdemandestimationhasbeendone
in amilitary contet, namelyfor the DARPA AugmentedCognitionProgram{Schmorrev and
Kruse,2002].

3. Brain-Computeinterfaces (BCls). As mentionedabove, thegoalof BClsis to give commands
to electronicdevices usingonly brain activity. Prominentexamplesfor BCls are systemso
control prosthesesr to allow locked-in patientsto communicatelthoughthey areno longer
capableof voluntarymovements.

3.1 Identi®cation of Mental States

In the pastdecadea lot of work aiming at the identi cation of mentalstateshasbeendonewhich
usedthe datasetrecordedby Keirn and Aunon [Keirn and Aunon, 1990]. This datasetconsists
of EEG datarecordedat the electrodepositionsO1, 02, P3, P4, C3, C4 (see gure 2.12for the
precisepositions)andanadditionalEOG channefor artifactdetection.The datawasrecordedvith a
samplingfrequeng of 250Hz andthefollowing taskswereperformedduring EEGrecording:

Baseline— Alpha Wave Production: Subjectsvereasledto relaxandto closeandopentheir eyes
in vesecondsntenals. Doingthis, -actiity canbeobsered,atleastwheneyesareclosed.

Mental Arithmetic: Subjectshadto solve non-trivial multiplicationswithout vocalizingor moving.

Geometric Figure Rotation: Subjectsvereshavn a drawving of a complex geometricgure. Then
the gure wasmoved out of sightandsubjectswereinstructedto imaginethe rotationof this
gure.

Mental Letter Composing: Subjectsvereinstructedto mentallycomposea letterto afriend or rel-
ative, without moving or vocalizing.

Visual Counting: Subjectshadto imaginea black boardand mentallyto visualizenumbersbeing
sequentiallywritten ontheboard.

Note that thesekinds of tasksare not very likely to occurin every day situationsin contrastto
the actiities which areconsideredn this work (seesectionl.1). However the focusof the research
in [Keirn and Aunon, 1990] wasratherto reliably discriminatedi erentmentalstatesto be ableto
give commanddo a computerthento discriminateuserstates.

In [Andersonet al., 1995], [Andersonand Sijercic, 1996], [Ford, 1996] the datasetdescribed
above is usedto train andtestsystemdor the discriminationof mentalstates.ln [Culpepper 1999]
datafor the sametaskswasrecordedor onesubject,usingthe electrodes-Pz,F3, Fz, F4,FCz,C3,
Cz,C4,Pz,P3andP4andanadditionalEOG channel.

To allow aneasycomparisorof thementionedesearctworks,the useddataportions,theapplied
methodsandobtainedresultsaresummarizedelov usingacommonscheme.
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Author: [Andersonetal., 1995]
Considered mental states: Baselingtask,arithmetictask

UsedData: Two recordingsession®f onesubject,10 trials pertaskfrom both sessionsFrom 790
guartersecondong patterngertask80% areusedfor training, 10%for validationandtesting
respectrely. The datafor eachsetis randomlychosenfrom bothrecordingsessions10-fold
cross-alidationis performed.

Methods:

Artifact Removal: none

Feature Extraction: Threerepresentationsf quartersecondong time segmentsareinvesti-
gated:unprocessetime signals,areduceddimensionalepresentationbtainedusingthe
Karhunen-Lewe transform,a frequeng spectrunbasedrepresentatiomestimatedvith a
sixth-orderautoregressie (AR) model.

Classi cation: Feedforward two-layerneuralnetworks with up to 40 neuronsin the hidden
layer

Results: An accurag of 74% for the discriminationof both statess obtainedusingthe frequeng
spectrumbaseddatarepresentation.

Authors: [AndersonandSijercic,1996]
Considered mental states: All  ve statesdescribedabore

UsedData: Datafrom four subjectstwo recordingsessionger subject,10 trials pertaskandsub-
ject over both sessions277 half secondong patterngper taskandsubjectare available, after
discardingeye blinks. Training setsize: 80% of the whole data, validationandtestsetsize
respectrely: 10% of the whole data. The datafor eachsetis randomlychosenfrom both
recordingsessions10-fold cross-alidationis performed.

Methods:
Artifact Removal: Time segmentscontainingeye blinks arediscardedisinginformationfrom
the EOGchannel.

Feature Extraction: All six coe cientsof a sixth-orderautorgressie modelfor eachelec-
trodeareused resultingin atotal featurevectordimensionalityof 36.

Classi cation: Feedforwardtwo-layerneuralnetworkswith 20 neuronsn the hiddenlayer

Results: An averageaccurag of 54%in subjectdependengxperimentds obtainedwhenaveraging
over the network outputsfor 20 consecutie half secondong time segments.



3.1ldenti cation of Mental States 43

Author: [Ford, 1996]
Considered mental states: Baselingtask,arithmetictask

UsedData: Datafrom four subjectstwo recordingsessionger subject,10 trials pertaskandsub-
ject over both sessions241 half secondong patterngpertaskandsubjectare available,after
discardingeye blinks and balancingthe dataset. Training setsize: 80% of the whole data,
validation and test setsize respectiely: 10% of the whole data. 10-fold cross-alidationis
performed.

Methods:

Artifact Removal: Time sggmentscontainingeye blinks arediscardedisinginformationfrom
theEOGchannel.

Feature Extraction: All six coe cientsof a sixth-orderautorgressie modelfor eachelec-
trodeareused resultingin atotal featurevectordimensionalityof 36.

Classi cation: LearningVectorQuantization

Results: In sessionand subjectdependentxperimentsand averageaccurag of 73% is obtained.
Mixing of datafrom bothsessiong$or eachsubjectyieldsin anaverageaccurag of 85.5%.

Author: [Culpepper1999]

Considered mental states: All  ve statesdescribedabore; only di  erenttripletsandpairsarecon-
sideredfor discrimination.

UsedData: Two recordingsessiongrom one subject,10 trials per task over both sessions.From
200half secondongtime segmentspertask50%areusedfor trainingand50%for testingand
validation.

Methods:

Artifact Removal: Independentomponenanalysiss appliedto thedatato isolateeye blinks
to onecomponentThis components identi ed by visualinspectionandthenrejected.

Feature Extraction: A frequenyg representatiomf half secondong to 2—10 secondong sey-
mentsof theindependentomponentss obtainedusinga discreteFouriertransform.

Classi cation: Three-layerfeedforward neuralnetworks with 40 to 1000neuronsn the rst
and>5 to 100neurondgn the seconchiddenlayer

Results: Classi cation accuraciedor bestdiscriminatedtask pairs (resultsfor other pairs are not
reported):94% gure rotationvs. arithmetics 90%for baselinevs. lettercomposition 82%for
baselinevs. counting
Classi cation accuraciedor bestdiscriminatedtask triplets (resultsfor othertriplets are not
reported):86%for baselinevs. lettercompositiornvs. arithmetics,77%for countingvs. gure
rotationvs. lettercomposition,74%for lettercompositiorvs. gure rotationvs. artihmetics

Oneimportantconclusionto be dravn from the above presentedesearchworksis that the dis-
criminationof mentalstatesusing EEG datais possiblein general. Furthermorestatisticallearning
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methodssuchasneuralnetworks anda representationf the EEG signalsin frequeny domainseem
to besuitablefor this task.

More recentlyotherwork concerningthe discriminationof mentalstateshasbeendone,which
doesnotrely exclusively or notatall on EEG data.

[ChenandVertegaal,2004] proposedh physiologicallyattentve userinterface (PAUI) which is
ableto distinguishfour userstatesvhicharede ned by thecurrentlevel of mentalandmotoractuity:
"resting” (low mentalactivity, no movement),’moving” (low mentalactiity, sustainednovement),
"thinking” (high mentalactiity, no movement)and”busy” (high mentalactivity, sustainednove-
ment). The mentalactvity level is estimatedisingheartratevariability, the degreeof motor activity
is determinedusingEEG datafrom oneelectrodeover the centralcortex wheremotoractiity is con-
trolled!. Spectrabnalysisof theheartratevariances appliedto detecincreasesf mentalloadwhich
is characterizedby increasingheartrate variance. The onsetof motor actvity andthusa userstate
changes detectedy thedecreas@n powerfor the -frequeng band(seesection2.3.1)in the EEG.

For eachstatethe costfor di erentkinds of interruptionsby a mobile device is de ned: While
this costis low for all kinds of interruptionsduring resting, it is low during moving for speech-
relatedeventsonly (e.g.for answeringa phonecall, sinceno additionalcomplex movementanustbe
madefor that), but high for eventswhich requirecomplex motoractivity suchasrespondingo atext
messag®er a chatrequestFor the userstatethinking only non-auditoryinterruptiong(i.e. vibrations,
visualnoti cations) arede nedto be acceptablé,e. they have alow cost,sinceaudiblealertswould
potentiallyinterferewith mentalengagemerdccordingto the authors.For the statebusy the costfor
all kindsof interruptionsis setto be high. As a sampleapplicationa cell phonehasbeenaugmented
with userstatedetectioncapabilitiesandin a six persortrial the correctuserstatecouldbeidenti ed
in 83%of all cases.

[Mitchell etal., 2004] usefMRI datato discriminatementalstatedike looking at a picturevs.
readinga sentencelescribingthatpicture,readinga non-ambiguousentences. readinganambigu-
oussentencer hearingwordsfrom di erentcateyories(food, people,buildings etc.). Note thatthe
consideredstatesseemto belittle di erentfrom eachothercomparedo thoseconsideredn [Keirn
andAunon, 1990]or to statedike reading,perceving a presentationrestingetc. with which we are
concernedn thiswork. SincefMRI dataprovidesa muchbetterspatialresolutionandthusa much
betterinsightinto brainactivity thanEEGdata thediscriminationof very similar statedoecomesnore
realistic.

For eachsetof mentalstatesdatafrom veto fteen subjectsis used. Motion artifactsarere-
movedfrom the dataandsereral seconddong time segmentsof dataconsistingof activity valuesfor
eachvoxel (i.e. for eachcubic volume elementof the recordedthreedimensionaldata)are usedas
input featuredfor di erentclassi ers. Activity valuesare given asdeviation from the meanactiity
measurediuring a restingcondition. The performancef GaussiarNaive Bayesclassi ers, Support
VectorMachinesandk-nearesheighborclassi ersis investigated.Sincevery high dimensionafea-
ture vectorsare obtainedfrom fMRI data,two di erentmethodsfor featurereductionare explored.
The rst methodattemptsto selectthosefeatureswhich discriminatethe statesto be distinguished
best. This is doneby training oneclassi er separatelfor eachfeaturewhich usesthis featuresonly
to make predictions. Thenthosefeaturesare selectedfor which the classi ersyield the bestclas-
si cation accuracies.In contrastto that the secondmethodselectsthosevoxels asfeatureshaving
the bestsignal-to-noiseratio. Suchfeatureshave the propertythat they discriminatebestbetween

'Note that this approachdoesnot agreewith the intuition that mentalactivity would be estimatedbestwith EEG data
andmotoractiity viatheheartrate.It hasbeenshavn howeverthatthereis a correlationbetweermentalloadandtheheart
ratevariability and betweerthe degreeof motor actiity andthe EEG of the -frequeng band(see[Chenand Vertegaal,
2004]for appropriataeferences).
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arestingconditionandan actvity conditionunderwhich all statesto be actuallydiscriminatedare
summarizedThesecondmnethodis shavn to outperformthe rst onein mary cases.

Resultsarereportedin termsof normalizedrank error which considersthe rank the classi ers
assignto the correcthypothesis.It rangesfrom 0 whenthe correctclassis ranked mostlikely, to 1
whenit is ranked leastlikely. Using GaussiarNaive Bayesclassi ersandSupportVectorMachines,
averagenormalizedrank errorsbetweer0.11and0.24 arereportedfor subjectspeci ¢ experiments.
For thepicturevs. sentencetudyclassi ersaretrainedacrosssubjectsaswell. Usingsupportvector
machinesanormalizedrankerrorof 0.25is reportedfor theseexperiments.

Some ndings from this researchare also interestingfor the computationaprocessingf EEG
data,sincein bothcasedhe problemof datasparsenegsairedwith a high featurevectordimension-
ality hasto beaddressed:

With linear SupportVector Machinesat leastcomparableor even betterclassi cation results
canbe obtainedcomparedo non-linearclassi ers (suchask-NearestNeighborsor Gaussian
Naive Bayesclassi ers),whenthe dimensionalityof the featurespaces high.

For noisy datathe selectionof featureswhich discriminatea baselineconditionfrom all other
conditionscanimprove classi cationresults sincethe signal-to-noiseatio is improved.

Therearesimilaritiesin the neuralcorrelateof di erentmentalstatesacrosssubjectssothat
training of subjectindependentlassi ersfor thediscriminationof thesestatesbecomepossi-
ble.

3.2 Assessmenbf Task Demand,Vigilance or Alertness

A lot of researclin thedomainof taskdemandyigilanceor alertnessssessmerturingtheexecution
of tasksrequiringsustainedttentionhasbeendonein recentyears.To provide a betteroverview over
theresearchvorksreviewedin this sectionandto allow their comparisonthe mostimportantaspects
of eachwork aresummarizedelon usingacommonscheme.

Authors: [Jungetal., 1997]

Goal: Estimationalertnessluringa sustainedattentiontask.

Task: Subjectshave to respondo auditorystimuli. Thetaskshouldsimulatesonartagetdetection.
Electrodes: 5 electrodegrom central parietalandoccipital cortex areused.

Amount of data: In threerecordingsessiondasting 28 minutes10 subjectswere recorded. One

sessionis usedfor training, validation and testingrespectiely. 967 time seggmentsof 1.6s
lengthareextractedfrom eachsession.

Methods:

Artifact removal: Signalsexceedinga certainthresholdarediscardedhsartifactualdata.Me-
dian ltering is usedto furtherminimizethe presencef artifacts.

Features: The log spectralpower for 81 frequeny bandsbetween0.5Hz and50Hz is com-
puted. Thenprincipal componentanalysisis appliedandthe four principal components
coveringmostvarianceof the dataareretained.

Prediction method: Feedforward neuralnetworks with 3 neuronsin one hiddenlayer and
multivariatelinear regressiorfunctionsare usedto predictan alertnessndex whichis a
functionof failuresto respondo the given stimuli residingin [0; 1].
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Results: An RMS-Errorbetweerclassi er predictionandthe alertnessndex of 0.163for linearre-
gressiorand0.156for neuralnetworksis reported All resultsareobtainedn sessiorindepen-
dentbut subjectdependenéxperiments.

Authors: [Smithetal.,2001]
Goal: Monitoring of subjectspeci ¢ taskloading

Task: The MATB taskis usedwhich simulatesactivities of a pilot: systemsmonitoring, resource
managementommunicatiorandtracking. The subjectsmustreactwith keyboardinputson
change®f gaugeswarninglights andauditorystimuli. A joystick is usedfor thetrackingtask
which simulatesmanualcontrol of the aircraft position. Taskdi culty is variedfrom passie
watchingto highload. Notethatthevariationof taskdi culty shavedasigni cant correlation
with asubjectve rating (NASA TaskLoadIndex) performedby therecordedsubjects.

Electrodes: Afz, Fz,F3,F4,Fz,P3,P4,Pz

Amount of data: For 16 subjectsthree sessionwere recorded,eachload level (passie watching,
low, medium high)wassimulatedor ve minutespersessionOnesessions usedfor training,
validationandtestrespectiely.

Methods:

Artifact removal: Adaptive ltering techniquesreappliedfor artifactremoval.

Features: Spectralpower is estimatedor several sub-band®of alpha(8-13Hz)andtheta(4-
7Hz) frequeng rangedor four seconddong time segments.

Prediction method: Subject-speci cmultivariatedistancefunctionsare estimatedusingdata
from load levels passie watchingand high load. Thesefunctionscomputea subject-
speci ¢ taskloadindex betweerD (passie watching)andl (high taskload).

Results: For subjectspeci ¢ but sessiorindependenexperiments signi cant correlationsbetween
subjectie taskdi culty ratingsandresultsof the estimatedaskload predictorsor between
reactiontimes on stimuli and resultsof the taskload predictorscan be found. Furthermore
signi cantly highertaskloadsare predictedfor load level high comparedo load level low for
15 out of 16 subjects.Signi cant di erencesn predictionsfor low vs. moderatdaskload or
high vs. moderatdaskloadareobseredonly for half of therecordedsubjects.

Authors: [Pleydell-Pearcestal., 2003]

Goal: Predictionof taskload, investigationwhetherdi erentpredictorsaresuitedfor di erentsub-
jects.

Task: Gaugemonitoringtask: Pushlottonsanda joystick areusedto maintainchanginggaugesta
certainlevel. Taskdi culty is variedby varyingthetendeng of theactualgaugevalueto move
away from the optimal value. Performancés measuredas deviation of the gauges'current
valuesfrom their optimal values. All performanceneasurementfor eachsubjectare sorted
andthensplit by themediansothat nally only low andhightaskperformancés distinguished.
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Electrodes: Fpl,Fp2,Fpz,F7,F8,Fz,Cz, T5, T6, P3,P4,Pz,01, O2 andverticaland horizontal
EOG
Amount of data: Six subjectsparticipatedn two recordingsessions.During eachsessioreachof
vedi culty levelswassimulatedlOtimes.Eachtime 40 second®f datawererecorded.This
resultsin 33 minutesof datapersubject.

Methods:

Artifact removal: Artif actsareremovedusinginformationfrom the EOG channel.

Features: 5166dependentariablesarecomputedor 10 secondong time segments.Features
includestringlength,meanareaunderthe curve of thetime signalsjnterelectrodecoher
ence,crossphaseandcrosspower correlationbetweenrelectrodesindspectralpower for
selectedrequeng bandshetweerOHz and100Hz. Thefeaturesvhich arecorrelatecbest
with taskperformancearethenselectedo beincludedin the predictionfunctions.

Prediction method: A multivariatelinearregressiormodelis usedfor predictionof taskper
formance(not of thetaskdi culty). The underlyinghypothesishereis thatworsetask
performanceéndicateshighertaskloadwhichis morechallengingandstressfufor a sub-
jectandthereforeshouldhave correlatesn the EEG.

Results: Accuraciesof 71.9%for the discriminationof low andhigh performancewveragedover all
six subjectdn sessiordependenand70.8%in sessiorindependenexperimentsarereported.
For subjectindependenéxperimentsanaccurag of 71.0%is obtained.

Remarks: Di erentfeaturesarefoundto bethebestpredictorsfor di erentsubjects.Thereforethe
authorsconcludethat idiosyncraticaspectf EEG patternsre ect genuineand reproducible
di erenceshbetweensubjects. Somepredictorscould be identi ed however which are valid
for all subjectsandit canbe seenfrom the resultsthat they work well for predictionsacross

subjects.

Authors: [Dutaetal.,2004]
Goal: Estimationof alertnessluringa sustainedhttentiontask.

Tasks: Trackinga positionindicatoron a computerscreen reactingto a visual stimulus, keeping
the value of a continuouslychanginggaugeat zero. The subjects'vigilance during the tasks
was ratedby expertswho manuallylabeled15 seconddong segmentsof the signalsusinga
se/en-classlertnesglassi cationsystem.

Electrodes: Al, A2 (mastoidEEG)

Amount of data: Approximatelytwo hoursof datafor eachof eight subjectswas collected. In a
round robin mannerdatafrom one subjectis usedfor test, while training and validationis
performedon the datafrom theremainingsubjects.

Methods:

Artifact removal: Artif actsaredetectedy visualinspectionof theraw dataanddiscarded.

Features: Thecoe cientsof fth order AR modelswhich estimatethe pover spectrumin a
rangebetweerOHz and30Hzfor 1 secondong time segmentsfor eachelectrodechannel
areusedasfeatures.
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Prediction method: A feedforward two-layerneuralnetwork with 10 neuronsn the hidden
layeris usedto estimatea regressiorfunctionwhich predictsalertnessOutputsarethen
groupedn threeclassegalertnessintermediatedronsinessysingthresholding

Results: Accuraciedor the comparisorwith expertlabelsrangebetweer39% and62% for subject
independenéxperiments.

Remarks: An interestingmethodfor dataanalysisis appliedhere. This is necessargincethe man-
ually labeledsegmentshave a length of 15 secondsout only one secondiong time segments
are usedfor computationalprocessing.Thusit is possiblethat someof the one secondong
sgymentshave wronglabels. Self-oganizingmapsaretrainedhereto clusterall datapointsof
the training data. Thenthosedatapointsareremoved which aremappedn the sameareasas
otherdatapointsbelongingadi erentalertnessateyory.

Anotherinterestingaspecif this work is thatonly electrodesat the mastoidsare usedwhich
are easyto attachand comfortableto wear This is particularly of advantagefor applications
whereEEG s recordedconstantlyfor longerperiodsof time.

Authors: [Berkaetal.,2004]
Goal: Monitoring taskloadingduringa commandandcontroltask

Tasks: (1) WarshipCommandeiTask[Johnet al., 2002]: Incomingaircraftsmustbe identi ed as
hostileor friendly andappropriateactionsmustbe taken. Taskdi culty is variedby varying
thefrequenyg with which eventsoccur
(2) Threelevel cognitive task: Digits aredisplayedon a computerscreen.A responsenustbe
givenonly for certaincombinationf consecutie digits. Workloadis increasedn threelevels
by increasinghe compleity of digit combinationgo berecognized.

(3) Recognitionof previously memorizedmagesinterspersedandomlyin a collectionof new
images.For thistasktherateof failuresto give correctresponsess measured.

Electrodes: Bipolarrecordingsof Fzto POzandCzto POz,unipolarrecordingof Fz, CzandPOz

Amount of data: Task(1): 13 subjectswererecorded. Eachdi culty level was simulatedthree
timesfor 75 seconds.
Task(2): 16 subjectsvererecordedEachdi culty level comprised250trials.
Task(3): Two sessiongor 19 subjectsvererecorded.

Methods:

Artifact removal: Eye blinks aredetectedisingcross-correlatiomnalysiswith a sineshaped
artifact model. Eye blink contaminatediatais then replacedby the high pass Itered
signal.Otherartifactsarediscardedisingout of boundsdetection.

Features: Thelog power spectrumfor frequenciebetweerndHz and40Hz with 1 Hz resolu-
tion is computedor 1 secondong time segments.Furthermordor eachfrequeng band
therelative power comparedo thetotal power between3Hz and40Hz,andz scoresare
calculated.

Prediction method: A lineardiscriminantfunctionis usedto predictfour statesof alertness:
high vigilance,low vigilance,relaxed wakefulnessandsleely. Notethatdatapointsfrom
taskvariationswith low di culty areusedasexamplesfor low vigilanceanddatapoints
from taskvariationswith highdi culty areusedasexampledfor highvigilance.
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Results: For tasks(1) and(2) a signi cant correlationbetweentaskdi culty andpercentagef 1
seconcepochglassi edashighvigilanceis reported For task(3) thereis acorrelationbetween
responserrorsandpercentagef epoch<lassi edashighvigilancepersessionThis suggests
a practicee ectbetweenthe rst andthe secondsessionwherethe numberof errorsandthe
percentag®f high vigilanceepochsarelower. All resultsare obtainedusingsubject-speci ¢
classi cationmodels.

Remarks: The EEG recordinghardware usedin this work is interestingfor practicalapplications.
The EEGheadseis batterypoweredandit transmitssignalswirelesslyto acomputerfor signal
processingFurthermordgheauthorsclaimthatit is easyto attachandcomfortableto weareven
for severalhours.

Authors: [lzzetogluetal.,2004]
Goal: Estimationof taskload by monitoringblood hemodynamicsisingfNIR

Task: WarshipCommandeffask[Johnetal., 2002]: Incomingaircraftsmustbeidenti ed ashostile
or friendly andappropriatectionsmustbetaken. Thetaskdi culty rangesoverfourdi culty
levels wherefor increasingdi culty the frequeng with which eventsoccurincreases.Task
di culty canbeincreasedven moreusingauditorymessagesterspersedrom time to time
whichrequireresponses.

Sensors: Datafrom 16 pixelsof the prefrontalcortex with aboutlcmlengthat eachsideis obtained.

Amount of data: For eightsubjectsonesessiorwasrecorded Eachof thefourdi culty levelswas
repeatedhreetimesfor 75 seconds.

Methods:

Artifact removal: Adaptive Itering techniquesreusedfor eliminationof motionartifacts.

FeaturegPrediction method: Sensomeasurement®r the left andright hemispherareav-
eraged.Thenasingleindex for blood oxygenatioris derived.

Results: A strongpositive correlationbetweernblood oxygenationandtaskdi culty canbe found.
Furthermoréloodoxygenatiordecreasesigni cantly with decreasingaskperformanceatthe
highestdi culty level. This supportsthe hypothesighat subjectsvho becameoverwhelmed,
i.e. who experiencedoo high taskdemandoecameadisengaged.

Authors: [lgbal etal., 2004]
Goal: Estimationof taskdemandrom the pupil diameterduringaninteractve task.

Tasks: Object manipulation(sorting e-mailsin appropriatefolders), searchinga productin a list,
addingnumbersreadingcomprehensionEachtaskcontainedwo di  culty levels.

Sensors: A headmountedeye tracler.
Amount of data: 12 subjectsvererecorded.
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Methods:

Artifact removal: none

FeaturegPrediction method: A regressionfunction which predictstaskdi culty from the
averagepercentageén pupil diameterchange(relative to a baselineconditionwherethe
computerscreerhadto be xated) is estimated.

Results: Signi cant changesn relative pupil diametercanonly be obsered for a cognitive subtask
of the objectmanipulatiorntask.

Remarks: The appliedtechniquehasthe advantageto be lessintrusive EEG or even fNIR since
ideally no measuremerdevice hasto be attachedo the subject. However measurementare
sensitve to ervironmentalfactors(e.g.illumination) andemotionalstates.

From the works reviewed abore we concludethat the assessmendf task demand alertnessor
vigilance using EEG data,fNIR dataor even pupil diameter(which is no direct correlateof neural
brain actiity) seemgossible.Both statisticallearningmethoddik e neuralnetworks or simplelin-
ear parametricmodelslik e linear regressionor discriminantanalysisseemto be applicablefor the
posedproblem. Note however thatthe resultsin mostworks reportedabore wereobtainedin highly
controlledexperimentswvhereit waseasilypossibleto simulatedi erenttaskdi culty levels which
evokedi erentlevelsof taskdemandFurthermorebjective correlatesith taskdemandsuchastask
di culty ortaskperformancdor a particulartime segmentcouldbe obtainedeasily For theproblem
of taskdemandassessmemturinga meetingor atalk thisis notnecessarilyhe case.

3.3 Brain-Computer-Interfaces

Wolpaw et al. de ne a brain computerinterface (BCI) to be "a communicationsystemthat does
not dependon the brain's normaloutputpathwaysof peripherahenesandmusclesTWolpaw etal.,
2000]. In otherwords,a BCI canbeusedto controlcomputerapplicationor otherelectronicdevices
usingonly brainactivity but no speecthor voluntarymavements Accordingto thisde nition anEEG-
device which estimateauserstateandtask demandand usestheseestimatego con gure the users
cell phoneappropriatelycanbe calleda BCI.

However BCls arecommonlyviewed assystemsvhichimmediatelyprovide feedbacko theuser
aboutthe hypothesiof the users commandLethonen,2003]andsometypesof BCls evenrequire
this closedloop feedbackio work properlyaswill be explainedshortly Immediatefeedbackabout
the detecteduserstateor workloadlevel to the useris not necessarandperhapsot evendesirable
for the systemdevelopedin this work, sincethe goalis hereto minimizedisturbancesf theuser For
thisreasonwe decidednotto usethetermBCI for the systendevelopedhere.

In this sectiononly the basicprinciplesof BCls are explainedbrie y to completethe overview
of applicationdor computationaprocessingf EEG with non-diagnostigpurpose.A moredetailed
review aboutBCls canbe foundin [Vaugharetal., 2003]. Many classi cationandsignalprocessing
methodswvhich arecommonlyusedin BCI researchareinterestingaswell for the discriminationof
mentalstatesandthe assessmermtf taskdemand Thesemethodsarepresentedn chapterd.

Thefollowing two approachefor theconstructiorof BCls canbedistinguishedLethonen 2003]:

Pattern recognitionapproach: In thisapproachheuserof the BCI hasto performdi erentmental
taskssuchasthoseproposedy KeirnandAunon[K eirnandAunon,1990]whicharedescribed
in section3.1. If thesetaskscanbe distinguishedrom eachother a particularactiity canbe
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executedwhenthe systemrecognizeghatthe userperformsa speci ¢ task. For this approach
the BCI mustbe pre-trainedits userhowever doesnot needary trainingatall in thebestcase.

Operant conditioning approach: In thisapproachheuserhasto learnto controlhisEEGresponse,
for examplethe -rhythmamplitudeof his brainactiity. While this requiresextensve training
for the user the BCI doesnot needto be trainedat all sinceit simply looks for changesn
speci ¢ characteristicef the EEG signal. Real-timefeedbackand positive reinforcementor
correctbehaior areessentiato make the operantconditioningapproachwork.

Note that the discriminationof mentalstatesis a centralaspectof both the patternrecognition
approacHor BCls andfor userstateidenti cation. While in the BCI context however mentalstates
canbe chosenwhich are easyto discriminate the mentalstatesare alreadygivenin in caseof user
stateidenti cation andthe systemmustbe designedo discriminatethemasgoodaspossible.



Chapter 4

Methods

Severalprocessingtepshave to beaccomplishedbeforea hypothesidor the currentuserstateor the
currenttaskdemandevel canbe obtainedfrom raw EEG data. Thesestepsare explainedin greater
detailin this chapter To provide a betterovervien over thefollowing sections,gure 4.1 shavs the
integrationof all appliedmethodsnto thewhole systemwhichis proposedere.For eachmethodthe
correspondingectionnumberof this chapteiis displayedn the gure.

4.1 Artifact Removal

Outof thelargenumberof artifactswhich cancontaminat&EGdata(seesection2.2.1.5)eye blinking
andeye movementartifactsseemo have thelargestimpactconcerninghe computationahnalysisof
the EEG: They occurvery frequently[Junget al., 2000b]andtheir frequeng rangeoverlapswith
thefrequencie®f theactualEEG signal,which makessimplebandpassltering for artifactremoval
impossiblgDutaetal., 2004].

Filtering is only suitableto eliminatehigh frequenyg artifactsfrom muscularactiity andnoise
introducedby the AC lines, sincea low passlter canbeappliedherewith acuto frequeng above
the highestrelevant EEG frequeng. For computationalnalysisof the EEG in frequeng domain
however, it is su cientto simply selectthosefrequeng bandswhich arerelevant for EEG analysis
while all othersneednotto beconsideredThusartifactsoccurringat high frequenciesreeliminated
automaticallywithout the needfor low pass Itering. Note furthermorethat low pass Itering of
the signalsprior to further computationaprocessingn frequenyg domainhaseven beenshovn to
be detrimentato classi cationaccuraciegor the discriminationof mentalstateqsee[Andersonand
Sijercic,1996]and[Ford,1996]). A reasorfor thismightbethe problemthatlow passlters generally
alsoattenuatdrequenciedpelav thecuto frequeng, sincea lter cannotbedesigneduchthatthere
isasharpcuto betweerthosefrequenciesvhich passhe Iter andthosewhich areblocked.

For the reasonsxplainedabove only eye actvity relatedartifactsare consideredn this work.
(Notethatin virtually all otherresearcttoncernedvith thecomputationaprocessingf EEG,artifact
removal focuseson eye actiity only aswell, seealsosection3.1.)

4.1.1 Removal of Eye Activity Artifacts
Severalmethoddor eye actiity artifactremoval have beenproposedn the past:

Simplerejectionof artifactualdata. Shorttime segmentsof the signal (betweer0.25seconds
and 2 seconddength)containingeye actiity aresimply discarded.Eye actvity is identi ed
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Figure4.1: Overvien over the systemfor userstateidenti cation andtaskdemandestimation.The
numbersn the boxesindicatethe sectionnumbersof this chapter wherethe particularmethodsare
explained.

by visualinspection[Duta et al., 2004] or automaticallyby rejectingall segmentswherethe
signalexceedsacertainthresholdJungetal., 1997]. Anothermethodfor automaticeye actity
detectiorandrejectionusesaseparatehannelvhichrecordgheeyeactvity only (i.e. theEOG
whichis shortfor electrooculogrampAndersonetal., 1995 AndersorandSijercic,1996 Ford,
1996]. Sincevery little EEGis containedn the EOG data,artifactsareidenti ed morereliably
usingEOGwhenthe exceedancef athresholds usedascriterion.

For mary experimentaketupsye activity artifactsoccurveryfrequentlyin theEEG(e.g.when
visual stimuli are involved in the experiments),andalmostno datawould be left, if all such
artifactswerediscardedJungetal., 2000b]. Thereforetechniquesvhich usethe EOG channel
informationfor artifactremoval withoutdiscardinghedatahave beenproposedThesemethods
arecommonlyknown asregressiontechniquessincelinear regressionmodelsare appliedto
describehesuperpositiorof the EEG andthe eye activity in theobseredsignals:

OBS(t)= ;1 VEOG{t)+ », HEOGH) + EEG() (4.1)

where OBS representshe actualobseration, VEOG and HEOG the (appropriately ltered)
EOGsfor horizontaland vertical eye movementsand EEG the actualEEG signal. After the
estimatiorof theregressiorcoe cients ; and »thepureEEGsignalcanbeeasilydetermined
from equation4.1. Regressiondoesnot necessarilyhave to be performedfor time domain
signalsbut it is alsopossiblefor the signalsin frequeng domain.An overvien overregression
basedtechniquedor artifact removal is provided in [Croft and Barry, 2000]. However two
fundamentalproblemsare relatedto thesetechniques:One or two (in caseof vertical and
horizontalEOG)extrarecordingchannelsarerequired andEEGactiity from thefrontal cortex
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whichis still slightly presentn theEOGchannelss mappedo all otherchanneldy theartifact
removal procedure.

[Berkaet al., 2004] do not needextra electrodechanneldor artifact removal. They usethe
positive halfof a40 V 1:33Hz sinewave asartifactmodelandapplycross-correlatiomwith the
EEG signalsto detectartifacts,which arecharacterizethy maximain the correlationfunction.
Then artifactual datais replacedby the 4Hz high pass Itered signal of the artifactual data
sgyment. The two main problemsof this approacharethat high pass Itering might eliminate
importantEEGinformationandthatthe shapeof the artifact modelhasto be determinedusing
prior knowledge.

Finally, componenbasednethodsareaninterestinggroupof artifactremoval techniquesvhich
alsodo not requirean extra EOG channel.Principal ComponentAnalysis (PCA) or Indepen-
dentComponentAnalysis (ICA) canbe usedto decomposdhe EEG signalsin uncorrelated
componentgin caseof PCA) or statisticallyindependentomponentgin caseof ICA). The
underlyinghypothesidereis thatartifactualsignalsandsignalsrelatedto neuralprocesseare
uncorrelatedr emegefrom independenprocessesothatthey canbeseparatedsingmethods
like PCAor ICA.

An artifactremaoval methodwhich canbe usedin the systemdevelopedfor this work shouldnot
requireextraEOGelectrodesincethiswould decreas¢heusercomfort. Furthermorehe useof prior
knowledgeto determinghe shapeof artifactsis problematicsinceit maydi eracrosssubjectsandit
maydependnthe exactelectrodepositions.Thereforewe decidedo usea componenbasedartifact
removal methodin this work, namelylCA, which hasbeenshawvn to be superiorto PCA [Jungetal.,
1998]. Componenbasedmethodshave the further advantagethat other (artifactual) processeghan
eye actiity canbedetectedhndeliminatedaswell, if thisis required.

Theprincipleof ICA andits usefor artifactremoval is summarizedbrie y in thefollowing section.
A moredetailedintroductionon ICA canbefoundin [HyvarinenandQja, 2000].

4.1.2 IndependentComponentAnalysis

Dueto volumeconductionin the body andexternalsourcesof noise(e.g. from AC lines), the signal
measuretoneelectrodedoesnotonly re ect thelocal neuralactivity underneathhis electrodeput
it representasuperpositiomf severalsignalsoriginatingfrom neuralandartifactualprocessesuchas
muscularactiity or noisefrom externalelectricaldevices. Assumingaweightedinearsuperposition
of theseprocesseghis canbe expressedsfollows:

Xe
xj() = a; s (4.2)
i=1

Here x;(t) is the obsered signal over time at electrodej, si(t) the signal correspondingdo the ith
underlyingprocessand aj the weight which determineshov much si(t) contritutesto x;(t). We
assumehat the numberof electrodechannelse is equalto the numberof underlyingprocessesr
independentomponentgICs) here. Thisis animportantassumptiorfor ICA, which allows thatthe
ICs canberecoveredfrom the givensignals.

In practicethis assumptioris only approximatelytrue. On the one handit is possiblethat the
numberof independenprocessess larger thanthe numberof electrodeswhenthe neuralprocesses
undereachelectrodearedi erentandthe signalcontainsadditionallybiological andtechnicalarti-
facts. On the otherhandit may happenthatin cortex regionsunderneathmary electrodeghe same
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procesdakesplace,namelysynchronized -actvity, sothatthe numberof independenprocessess
smallerthanthenumberof electrodesNeverthelessheapproximatequalityof bothquantitiesseems
su cientfor the estimationof the ICs [Makeig etal., 1996].

In matrix vectornotationequatiord.2 canbereformulatedas

x() = A () (4.3)

wherex(t) is avectorcontainingthe obsered signals s(t) a vectorcontainingthe signalscorrespond-
ing to thelCsandA the”mixing matrix” whichde neshow mucheachIC from s(t) contrikbutesto the
signalsx(t) obseredatthedi erentelectrodes.
For detectionandisolationof artifactswe areinterestedn the ICs which canbe obtainedusing
theunmixingmatrix W = A *:
s(t) = W x(t) (4.4)

ThoselCs containingartifactualdata(eye actvity but alsoAC noiseandhigh frequentmuscular
actvity arewell detectedusingICA [Jungetal., 1998]) canbeidenti ed by visualinspectionor by
heuristiccriteriafrom the training data. Using the matrix W which is estimatedn the training data,
the ICs canalso be obtainedfor the validation dataand for the testdata. Thusit is also possible
to usecrossvalidationto nd one or more componentdo be rejected,so that the overall system
performancémprovesmost.Finally, thecomponentsvhichhave beenpreviously selectedor removal
areeliminatedin thetestdata.

Let SXt) be the vectorwherethe artifact contaminatedomponentsareremaoved and A° the mix-
ing matrix wherethe columnswith the indicesof the artifact contaminateccomponent®f s(t) are
removed. Thenanestimatefor the artifactfree datax¥(t) is obtainedby:

xqt) = A St (4.5)

Theabove describedartifactremoval processs illustratedgraphicallyin gure 4.2.
Theremainingproblemis the estimationof the matricesW or A. Usuallyonly W is estimatedand
Ais computedasthe (pseudo)jnverseof W. Thereareseveralmethodgo obtainanestimatefor W:

Let usassumehatthe numberof electrodechannelse equalsexactly the numberof underly-
ing (statisticallyindependentprocessesontrituting to the EEG. Thenthe componentsn s(t)
areindependentrom eachother i only oneprocessontritutesto eachcomponent;(t). At
that point the centrallimit theoremcanbe usedwhich statesthatthe more processesre su-
perimposedn onerandomvariable the moreits probability densityfunction (pdf) resembles

thattheir pdfs areaslittle gaussiaraspossiblé. Our actualgoalis however the estimationof

theunmixingmatrix W. Thereforewe usetheidentity si(t) = w;T x(t), wherew;T is theit" line

of W, sothatour nev goalbecomeghe gaussianityminimizationof the pdfsof w;T  x(t) for

i=1:::e

Thegaussianityof a randomvariablecanbe measuredisingkurtosiswhich is zerofor a gaus-
sianrandomvariableand becomesnore negative or positive for more sub-or supegaussian
randomvariables. Thusthe linesw;T of W have to be estimatedsuchthat thatjkurt(w; " x)j

distribution canbeestimatedrom thetime seriessi(t) = w; T x(t).) In otherwordsthee highest
local maximaof jkurt(w;" x)j have to be foundin orderto determineall e lines of W. Note
that the processesontrikuting to the EEG mustnot have a gaussiarpdf themselesin order
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Figure4.2: Applicationof ICA for artifactremoval in EEG data.The eye actvity relatedartifactsare
identi ed by large peakdn the originaldata. They areisolatedto theindependentomponeng. After
removal of thatcomponentindbackprojectionof theremainingcomponentsimostartifactfree data
is obtained.

to male this approactwork. This assumptions however usuallyful lled for EEG signalsand
EEGartifacts[HyvarinenandQja, 2000].

Sincekurtosisis very sensitve towardsoutliers, negentrofy can be usedfor estimatingthe
gaussianityof a randomvariable. Let g be a gaussiarrandomvariablewith Cov(w;T x) =
Cov(g) andlet H denotethe operatomwhich computeghe entropy of arandomvariable.

When
Jw! x)=H(@ HW x) (4.6)

is maximal, the densityof w;T x is aslittle gaussiaras possible,sincea gaussiardensity
hasthe highestentropy amongall randomvariablesof equalvariance. A dravback of this
approaclis thatfor thecomputatiorof theentrofy (non-parametricgstimategor pdfsof w;T x
fori = 1;:::e have to be computed(histogramsare not su cient) which canbedi cult in
practice[Hyvarinenand Oja, 2000]. Thereforenegentropy is often estimatedusingkurtosis,
wheretheoutlier problemarisesagain.

The minimizationof mutualinformationis a criterionfor the estimationof independentom-
ponentswhich is inspiredby informationtheory Althoughthe principle of gaussianitymini-
mizationto nd independentomponentss not usedhereexplicitly, it canbe shavn, thatthis
approachs equivalentto the maximizationof negentrofy [HyvarinenandQja, 2000]. There-
fore it cansene asa rigid mathematicajusti cation for the more intuitive reasoningabove,

Lif the numberof processess largerthenthe numberof electrodechannelsthe goal remainsthe same:Whenaslittle
processeaspossibleare superimposeth onesignal, the gaussianityof the correspondingdf is minimized. Only in the
rarecasewhentherearelessprocessesontrituting to the EEGthanelectrodechannelghis approactbecomeproblematic.
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which nally leadsto kurtosismaximizationor negentroly minimization. The mutualinforma-
tion of therandomvariabless; : : : s which belongto thetime seriess; (1); : : : s(t) isde nedas
follows:

Xe
Mi(s;;:iiise) = H(s) H(siiii;se) (4.7)
i=1
It is zero,whenthe sumof entropiesof the singlerandomvariablesequalsthe joint entropy
of all randomvariables. If the joint entrofy is smallerthanthe sumof single entropiesthat
meansthat one or more randomvariablescan be usedto predictpartly the valuesof one or
more others. Randomvariableswhich can be usedto predictthe valuesof eachotherare
not anymore independenfrom eachother however. Thereforeminimization of the mutual
information maximizesthe independencéetweenthe randomvariableswhich belongto the
componentso be estimated.

Theinfomaxalgorithm[Bell and Sejnavski, 1995] attemptsto maximizethe following crite-
rion:
L = H(@1(W]X); ::1; Ge(Wg X)) (4.8)

wherethe agumentsof the joint entrofy operatorcan be interpretedas outputsof arti cial
neuronswith non-linearactivationfunctionsg;( ) andweightvectorsw;.

If weignoretheactivationfunctionsg;() for amoment(or setthemto theidentity), we obtain

leadto minimizationof the mutualinformation,if the sumof the singleentropieswvasalmost
constantFor signalswith akurtosislargerthenthree whichis usuallythecaseor EEGsignals,
this hasbeenfoundto be a valid assumptioBell and Sejnavski, 1995]. If however only the
IinearfunctionswiTx wereusedasamgumentsof the joint entropy, it could beincreaseagimply
by increasinghevariance®f theargumentsj.e. thenormof w;. Thisis nomorepossiblevhen
wiTx is passedo anon-linearsquashindunctionsuchastanH ) andtheoutputof thesquashing
function is usedas agumentfor operatorcomputingthe joint entropy [Bell and Sejnavski,
1995].

Otherconditionsfor the applicability of theinfomaxalgorithmarethatthe signalsourcesnust

really be independentthat the signalsare virtually not delayedby the "mixing medium” be-

tweensourceand sensorgliquor, boneand skin in caseof EEG signals)andthat thereis a

su cientnumberof independenprocesseg$which is at leastequalto the numberof sensors).
All theseconditionsseemto beful lled for EEGdataMakeigetal., 1996],sothattheinfomax

algorithmis now widely appliedfor artifactremoval in EEG data(seefor instancgJungetal.,

2000aJungetal., 2000bPelormeandMakeig, 2004]).

In thiswork ICA weights(i.e. thelines of theunmixingmatrix W) areestimatedisingtheimple-
mentatiorof theinfomaxalgorithmfrom the MATLAB ™ Open-SourcéoolboxEEGLAB [Delorme
andMakeig, 2004]. Theactualalgorithmwhich maximizeshecriterionin equatiord.8is basicallya
gradientascentbon L with respecto the weightsin W. Its presentatiorns omitted, sinceit would go
beyondthe scopeof thiswork. It canbefoundin [Bell andSejnavski, 1995].
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4.2 Feature Extraction

4.2.1 Obtaining Feature Vectors

Thefeaturesxtractedfrom thetime signalof eachelectrodechannelepresenthesignals frequenyg
contenffor ashorttime segment.For eachelectrodechannetwo second$ong seggmentswvhich overlap
onesecondare extractedusinga hanningwindow. Thena shorttime Fouriertransform(STFT) is
computedor eachsegmentaccordingto

X
STFT(r;! ) = X[r+m wm el'm (4.9)

m=1

wherer istheindex of thecurrenttime seggment,! thefrequeng for whichthe STFTis computedand
w[ ] denoteghewindowing functionwhichis usedto extractthe sgmentfrom the continuoussignal
X[ ]. (In practicethe boundsof the sumin equation4.9 mustbe adaptedn a way, thatthe maximal
andminimal valuesof x[ ] andw[ ] arenotexceeded.)

For a given signal the resultof STFT(r;! ) is complex valuedand containsinformation about
amplitudeandphaseshift for thetime segmentr andthefrequeng ! . Sincetheamplitudevalueonly
is the informationwe areinterestedn, the phaseis eliminatedby taking the absolutevalue of the
STFTresult. Thusa spectrogranis obtained:

spectrografr;! ] = jSTFT[r;! ]j? (4.10)

Sincetwo second$ongtime segmentsareconsideredywe endup with anamplitudevaluefor each
frequeng bandof % Hz width for eachtime segmentandelectrodechannelwhich we call a feature.
Remembethat time segmentsoverlap one second so that new featuresfor the di erentfrequeng
bandsareobtainedevery second gure 4.3).

Featuredrom thedi erentelectrodechannelsareconcatenatetb form onelarge featurevector

numberof featureswhich areobtainedperelectrode (Sincewe have a % Hz resolutionNg equalsto

thewidth of theconsideredrequenyg rangein Hztimestwo.) Thevaluecorrespondingo aparticular
featurefor anarbitrarytime segmentis denotedby x;. Thenfor this time segmentandelectrodek;,

we obtainthefeaturevector

xBE =8 : Efori2fl;:::;eg (4.11)
XNg

The nal featurevectorfor this time seggmentis obtainedby concatenatinghe featurevectorsof
all electrodes:

(4.12)

whereN = e Ng is thetotalnumberof features(Notethatwe assuméo have thesamenumberof
featuregerelectrode.)n atypical settingof the datacollectionconductedor this work (seechapter
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Figure4.3: Featureaxtractionusingspectrogramor oneelectrodechannel.Thegrayboxesrepresent
the spectrogramswhere the lines correspondo di erentfrequeng bands(i.e. features)and the
blacknessf eachline indicatesthe amplitudevaluefor this frequeng band(i.e. the valuefor this
feature).

5) datafrom 16 electrodesvasrecordedandfrequenciebetweerDHz and45Hz wereconsidereger
electrodewhich resultsin a featurevectordimensionalityof N = 16 90 = 1440(remembethatwe
obtaina featurefor eachfrequeng bandof %Hz width). Sucha large featurevectordimensionality
suggestshateithermethoddor featurereductionarerequiredor a hugeamountof datais neededo
beableto estimatemodelsreliably Thefeaturereductionmethodsappliedin this work aredescribed
in thenext sectionandin chaptei6 it is examinedwhetherfeaturereductionis applicableto improve
overall systenresults.
This problemwill befurtherinvestigatedn chapter.

4.2.2 Averaging

EEG signalsoftenexhibit uctuations over time which arenot relevantfor userstateidenti cation or

taskdemandestimation.Reasongor this caneitherbe artifacts,but alsoprocessesausedy neural
actiity contrituting to the EEG. For exampleit is almostimpossibleto maintainconcentratioron a

giventaskfor alongerperiodof timewithoutshortlapsesvhich causeoutliersin thesignal. Therefore
averagingover the k previous featurevectorsis appliedto reducethein uence of suchoutliersand
of artifactswhich haven't beeneliminatedbefore,usingotherartifactremoval techniquegseesection
4.1). Fortime tp theaveragedeaturevectorX(tp) is obtainedoy

X
X(to) = (i) x(to i) (4.13)
i=0

Thefactor couldbe usedto decreas¢hein uence of featurevectorswith increasing. Forthe
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experimentdn thiswork it wassetto one.

4.2.3 Normalization

Featurevaluesfor di erentfrequeng bandsmight have di erentrangesanddi erento sets.How-
ever alarge rangeof a certainfeaturedoesnot necessarilymply its large importancefor classi ca-
tion. Furthermorethe transformatiorof all featuresto a known intenal is of advantageto achieve
quick corvergenceof thetrainingprocedure$or someclassi erssuchasneuralnetworks(seesection
4.5.1.5).Thereforethreesimplenormalizationtechniquesreinvestigated:

GlobalNorm: Onthetrainingdatameanandvarianceis calculatedor eachelectrodeandeachfre-
gueng band. Theobtainedvaluesarethenusedfor meansubtractiorandvariancenormaliza-
tion onthetraining, validationandtestdata:

Let X; be the meanfor the i featureover the whole training setand |2 the estimatefor the
varianceof this feature. For a given featurevalue x; of an arbitrary datasetthe normalized
featurevaluex®™ is thenobtainedoy

norm — X' T(i

X

(4.14)

[

UserNorm: Meanandvariancenormalizationfor eachfrequeng bandis performedseparatelyon
training, validationandtestdata. If one of thesedatasetscontainsdatafrom morethanone
subject,meanandvarianceis alsocomputedseparatelffor eachsubject. Thenthe samenor
malizationprocedureasin equatiord.14is appliedto obtainthe normalizedfeaturevalues.

RelPower: To presere relationsof featurevaluesacrossrequeng bandsthefeaturevaluefor each
frequenyg bandis divided by the sumof featurevaluesover all frequeng bandswhichassures
that eachfeaturevalue falls within [0,1]. For a given featurevector x of dimensionN the
normalizedvalue x'™ for theit" featurex; is computedcby

Xom = p (4.15)
=1 X

Note that a possibledravback of this methodis, that information aboutthe relation of the
(total) power betweenadjacentfeaturevectorsgetslost, sincethe sumall component®of the
normalizedfeaturevectorequalsto 1.

4.3 Feature Reduction

As mentionedabore the dimensionalityof the obtainedfeaturevectorscanbe very high, whenthe
numberof usedelectrodechannelsaandthe consideredrequeng rangeperelectrodechanneklaresuf-
ciently large. Featurereductionmight help hereto improve the reliability of the trainedmodels,
especiallyin situationswheretraining datais very sparse.Furthermoreone canexpect,thatfeature
reductionmethodsremore thosefeatureswhich mainly containnoiseandwhich arethereforedetri-
mentalto the overall systemperformance.Seseral methodsfor featurereductionareinvestigatedn

thiswork.
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4.3.1 Averagingover FrequencyBands

A verystraightforwardmethodfor featurereductionis to combinefeaturesy averagingoveradjacent
frequeng bands(i.e. adjacentfeatures)of onefeaturevector It is eitherpossibleto take alwaysa
x ed numberof featuresover which averagingis performedor to put featuresin physiologically
meaningfulgroups which couldbefor examplethefrequeng rangesof the commonlydistinguished
EEGfrequenyg bandg(seetable2.2)or of their sub-bands.

4.3.2 Linear Discriminant Analysis (LDA)

Lineardiscriminantanalysis(LDA) is a popularmethodfor featurereductionin classi cation prob-
lemswith a large numberof features.In domainslike facerecognition[Li et al., 1999] or speech
recognition[Haeb-Umbachand Ney, 1992]it is commonlyapplied. In this work it is usedto per
form featurereductionon the userstatedata. The underlyingideaof LDA is thatthe featurevector
dimensionalityis reducedwhile thelossof discriminationinformationby eliminatingfeaturess kept
minimal.

Letcy;:::ck betheclasse®f aclassi cationproblemandlet the featurevectorsto be classi ed
have the form x = (x3;:::xn)". LDA attemptsto nd a linear function f of all featuresso that
di erencedetweerfeaturevectorscanbe expressedn asinglevariable,namelyin thevalueof f:

fx)=Y=x" b (4.16)

whereb = (by;:::by)" is thevectorof discriminantcoe cientswhichweighteachfeatureaccording
to itsimportancdor thediscriminatiorbetweerthegivenclassesFeatureeductioncanbeperformed
by rankingall featuresaccordingto the absolutevalue of their discriminantcoe cientandselecting
the k highestranked featuresto be includedin a new featurevector Eachof thesefeaturesis then
multiplied with its discriminantcoe cientandrenormalizedusingone of the methodsdescribedn
sectiord.2.3.(Renormalizatiorns requiredfor someclassi cationmethodsasmentionedabore.)

Theremainingproblemis to nd thediscriminantvectorb which musthave the propertythatis
maximizegheratio of thebetweerclassvarianceandthewithin classvarianceafter all featurevectors
have beenprojectedin the onedimensional'discriminantspace’usingequatior4.16. Formally the
valueof in thefollowing expressiorhasto be maximized:

T RalYe P
i=1 x2ci(f(X) YCi)2

Y denotesghe meanover the discriminantvaluesof all featurevectors. The centroidY,, for classc
whichis computedaccordingo

(4.17)

- D
-

1 X
Yo = =—  f(x) (4.18)
Rci X2¢;
whereR;, denoteshe numberof trainingexamplesfor classc;.
By substitutingequation4.16 into equation4.17 we obtainthe nal criterionto be maximized
which explicitly depend®nb:

_ b™Bb
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The betweenclassscattermatrix B and the within classscattermatrix W of equation4.19 are
de ned asfollows:

X
B= (¢ X' (o X (4.20)
i=1
XX
W= (x %) (X %) (4.21)
i=1 X2¢;

whereX,, denoteghe meanover all featurevectorsof classc; andx denoteshe meanover all feature
vectors.
Thecriterion4.19canbe maximizedby settingits derivative with respecto b to zero:

@ .
@-0

This resultsin thefollowing eigewvalueproblem:

(B Wh=0 (4.22)

Theeigevectorb for thelargesteigewvalue correspondso thedesireddiscriminantvectorsince
it maximizeghecriterion4.19. Notethatif thefeaturevectordimensionalityis very highandtraining
datais sparsethe matricesw andB arelikely to be almostsingularwhich canbe easily seenfrom
their de nitions in equationst.20and4.21. In this caseLDA is not applicablefor featurereduction,
sincethe eigetvalue problemin equation4.22 doesnot have a stablesolution. In [Li etal., 1999]
theapplicationof the QZ-algorithmfor the numericalsolutionof the eigewvalue problemis proposed
whichsucceedto nd astablesolutionin casesvhereotheralgorithms(e.g.simplematrixinversion)
fail. The QZ-algorithmis appliedin the LDA algorithmwhich hasbeenimplementedor this work.
Neverthelessve will seein section6.1.7thatin somecasegoo little datais available,sothatLDA
cannotbeapplied.

4.3.3 Feature Reduction of RegressionTasks

LDA is a suitablefeaturereductionmethodfor classi cation problems(e.g. for userstateidenti ca-
tion) which hasbeenillustratedin the previous section.The problemof taskdemandestimationhas
howvever muchmorethe propertiesof a regressiorntask,sincetaskdemands originally a continuous
scaledvariable. Thereforesomeproblemswould arise,if LDA-basedfeaturereductionwasapplied
here:

For a continuousscaleddependentariable,no nite setof "labels” (in analogyto classlabels)
for thedi erentfeaturevectorsexists.

If the dependentariableof a regressiontaskwas ordinally scaledandif it hadonly a nite
numberof possiblevalues,eachvalueof this variablecould be interpretedasa classlabel, so
thatLDA could be applied. This is actuallythe casefor taskdemandestimation sincewe are
consideringonly di erentlevelsof taskdemand:low, medium,high, overload.However LDA
doesnotrespectherelationbetweersuchlabels,i.e. animportantpartof informationcontained
in thedatawould not be usedfor LDA-basedestimationof thefeatures'discriminative power.
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A featurereductionmethodwhichis suitablefor regressiortasksis to consideithe correlationco-
e cientbetweereachfeatureandthe dependentariable.Similarly to LDA basedeaturereduction,
featurescanbe ranked accordingto the absolutevalueof their correspondingorrelationcoe cient,
whichis computedor thefeaturex; asfollows:

Fxiy =

P N N
e %60 y)
P N -, P I
R %2 TR g2

Wherexi(‘) denotegheit featureof the j featurevector X; the meanof theit" featurevalueover all
featurevectors,y)) the valueof the dependentariablebelongingto the ji featurevectorandy the
meanover all valuesof thedependentariable.

Whenusingthis methodthe occurrencef multi-collinearitiesis very likely, especiallywhenthe
numberof featuress high. In otherwordsi,it is verylikely thatfeaturesareselectedvhicharestrongly
correlatedwith eachother This problemcould be overcomeby the computatiorof the uncorrelated
projectionsof thefeaturesusingprincipalcomponentinalysig PCA) prior to featurereduction.Then
thosecomponentgouldbe selectedasfeaturesvhich arebestcorrelatedwith the dependentariable
without having the problemof multi-collinearities. PCA hashowever the samelimitationsasLDA,
sinceaneigevalueproblemhasto be solvedto obtainthe principalcomponentsvhich doesnot have
astablesolutionin caseof highfeaturevectordimensionalityanddatasparseness.

Finally methoddik e forward selectionor backward eliminationwhich describethe datausinga
linear regressiomrmodelcould be usedfor featurereduction[ChatterjeeandPrice,1991]. With such
alinearregressiormodelonetriesto nd a minimal subsetf featureswhich predictthe dependent
variablebest.

(4.23)

Forward selectionstartswith a regressionfunction which includesonly that featurewhich is
correlateestwith thedependemtariable. Thisregressiorfunctionis thenextendedoy succes-
sively addingthatfeaturewhichis bestcorrelatedvith theresidualsobtainedrom theprevious
regressiorfunction estimation.This procedurds continueduntil a certainnumberof features
hasbeenincludedor until the sumof the squaredesidualdalls belov a prede nedthreshold.
Thusfeatureswhich explain the dependenvariableare selectedn a more sophisticatedvay
thanin caseof the correlationbasedmethodproposedabore. However forward selectionis
muchmoretime consumingsincein eachsteponeregressionfunction hasto be derived and
thecorrelationbetweertheresidualsandall theremainingfeatureshasto be computed Finally
forwardselectiordoesnotguarante¢hatmulti-collinearitiesareavoided,but it malkesonly sure
thatin eachstepthatfeatureis selectedvhich minimizesthesumof thesquaredesidualsn the
new regressiorfunctionmorethanary otherfeature.Notethatthis is not necessarilyhe case
for thecorrelationbasedmethod.

The startingpoint for backward eliminationis the linear regressionfunction which includes
all features. Now thosefeaturesare eliminatedsuccessiely which reduceleastthe sum of
the squaredresiduals. It canbe shavn that the featureto be eliminatednext musthave the
lowestt-value (for the teststatisticthat the correspondingegressioncoe cientis zero)of all
candidate§Chatterjeeand Price, 1991]. Backward eliminationis bettersuitedto copewith
the problemof multi-collinearities,sincethosefeatureswith a low t-valueeitherdon't explain
the dependenvariablewell or they arehighly correlatedwith otherfeatureswhich arealready
includedin the regressionfunction. This elimination procedurecan be continueduntil the
lowestt-valueis above acertainthreshold Similarto forwardselectionthecomputationaé ort
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requiredfor this featurereductionmethodis much highercomparedo the correlationbased
approachsincein eachstepa completeregressiorfunctionmustbe estimated Furthermorets

applicationbecomesmpossiblefor too large featurevectorsandsparseraining datasincethen
the matrix inversionsrequiredfor the regressiorestimationcannot be computedarymore (see
alsosection4.5.3).

Dueto the problemsof forward andbackward selectionconcerningcomputationatesourcesnd
high featurevector dimensionalitiespnly the correlation-basednethodwhich hasbeendescribed
above is usedin this work. For the samereasonano PCA to uncorrelatefeatureswith eachother
is performedbeforecomputingcorrelationsbetweenfeaturesand the dependenvariable. Results
obtainedusingthis featurereductionmethodsarereportedn section6.2.7.

4.3.4 Problemsof Feature Reduction Methods

Onecommondravback of almostall featurereductionmethodsdescribedabore (LDA for classi -
cationtasksandcorrelationor linear regressiorbasedmethodsfor regressiontasks)is thatthey are
linear models. In caseof LDA linear separabilitybetweenthe classess assumedthe methodsfor
featurereductionin regressiortasksassumaea linearrelationshipbetweerthefeaturesandthe depen-
dentvariable.Furthermord.DA, PCA-basedlecorrelationiechniguesndbackwardselectiorarenot
applicablen situationsof datasparsenegsairedwith high featuredimensionality

Therefore othermethoddor featurereductionhave to be investigatedn the future which over
cometheselimitations. For classi cation problemsa promisingapproachwhich candealwith high
featuredimensionalityin casesof sparsetraining datahasbeenproposedor examplein [Mitchell
etal., 2004]. Neverthelesshe applicationof the methodgproposedabove yieldsacceptableesultsas
well (seesectionb).

4.4 Self-organizing Maps (SOMs) for Data Analysis

4.4.1 Motivation

Self-oganizingmaps(SOMs)represena sophisticatedechniquefor clusteringdatawhich hasbeen
originally proposedby Tevu Kohonen[Kohonen,1995]. Comparedto traditional clusteringtech-
niguessuchask-means the main advantageof SOMsis that proximity relationsbetweenclusters
canbe bettervisualized: While in traditionalmethodsproximity is given by somedistancemeasure
betweenclusterprototypes,SOMs representhe proximity betweenclusterprototypesin a two or
threedimensionalgrid. Considerthe examplein gure 4.4. From the euclideandistancesetween
the clusters(determinedyy the k-meansalgorithmfor example)it is not straightforward andin ary
casedi cultto infer the proximity relationwhich is foundby a SOM. While this is alsonotrequired
whenresultsfrom clusteranalysisare simply passedo the next stepof computationaprocessinga
proximity relationwhich canbe visualizedis extremely helpful for manualdataanalysis.Note that
for mary applications(and alsoin this work) not the real distancesbetweenprototypesin feature
spaceare displayedon the grid. Insteadthe relationholds, that points which are closetogetheron
the grid correspondo prototypeswhich areclosetogetherin featurespace.For mary dataanalysis
applicationghisis su cientor evendesirable.

In this work SOM-basedtlusteringis usedto gaininsightinto the structureof the taskdemand
data. Featuresare extractedas describedn the previous sectionsand then SOMs are trainedwith
featurevectorsfrom di erenttaskdemandlevels. For eachfeaturevectorthe bestmatchingunit
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k-means):

Distance matrix:

A |B c |p s
Ao [1a14 |1 [1414 7 h
B |1414]0 1 |2 Ag 1 C
ct ! L L Lata | !
D | 14142 1 o ‘® B

Figure4.4: Comparisorof the outputof a traditional clusteringalgorithm (e.g. k-means)and of a
SOM. While the traditional methodoutputsonly distancesetweenclusters, SOMs canbe usedto
visualizethe proximity relationsbetweerclusterson agrid.

(BMU) on the grid is computedand visualizedwhich allows easyanalysisof the spatialrelations
betweerfeaturevectorscorrespondingo di erenttaskdemandevels. The BMU for a givenfeature
vectoris the unit on the grid to which the prototypewith the smallestdistance(in featurespace}o
thatfeaturevectorbelongs(seealso gure 4.7).

Featurevectorswith alarge (euclideandistancen featurespacehave BMUs which arealsofar
away from eachotheron the grid, while for vectorswith smallerdistanceshe correspondin®MUs
are also closertogetheror they are evenidentical. Thereforethe spatialrelationsbetweenBMUs
which belongto featurevectorsfor di erenttaskdemandevelscanbeusedto make inferencesbout
how well thesetaskdemandevels canbediscriminated.

Figure 4.5 shawvs two SOMstogetherwith their BMUs, onetrainedon datafrom all four task
demandevels,the otheronetrainedon datafrom low andhigh taskdemandnly. Whenall four task
demandevelsareconsideredit canbe seenthatthe BMUs belongingto featurevectorsfor medium
taskdemandbverlapa lot with thosebelongingto featurevectorsfor low andhigh taskdemand-This
indicatesthat mediumtask demandcan not be distinguishedwell from the othertwo taskdemand
levelsby somepredictionmethod(i.e. aclassi eror aregressiomrmethod).In theotherSOMone nds
thatBMUs belongingto featurevectorsfor low andhigh taskdemandarewell separateduggesting
thatapredictionmethodcandiscriminatewell betweerthesetwo taskdemandevels. In section6.2.1
the SOMstrainedontaskdemandiatafrom otherrecordingsessiongsreshavn andinferenceswhich
canbe madefrom their analysisare discussed Note however that one can not necessarilynfer the
performanceof a predictionmethodonly from the analysisof SOMs. It canonly provide valuable
hints which have to be veri ed experimentallyusing the predictionmethodin question. A good
examplefor this arefeaturevectorsfor taskdemandevel overloadwhich arewell separatedrom the
featurevectorsfor othertaskdemandevelsin theSOMin gure 4.5,but whicharestronglyconfused
with thesefeaturevectorsby all predictionmethodsexaminedin this work. (For moredetailsabout
thatproblem,pleasaeferto section6.2.1.)

4.4.2 Principle

Twodi erentspacesnustbedistinguishedor SOMs( gure 4.6):

Themap: This low dimensionalmostly two dimensional)lspacecontainsseveral units called
neuronswhich areorganizedin a regulargrid. Neuronsare connectedo adjacenineuronsby
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Figure4.5: SOMstrainedon datafrom all four taskdemandevels (left-handside)andon datafrom
low and high task demandonly (right-handside). The intensity of gray indicatesthe taskdemand
level, rangingfrom low taskdemancdcodedin light grayto overloadcodedin black.

a neighborhoodelation, which dictatesthe topologyor structureof the map. Eachneuronis
associateavith a prototypevector(or weightvector) in featurespace.

Thefeaturespace Thisis avectorspaceof arbitrarydimensioncontainingthe examplevectors
andthe prototypevectorsfor eachcluster

Beforestartingtheactualtraining procedurea SOM hasto beinitialized, i.e. thenumberof units
of thegrid M andthesidelengtiof thegrid hasto be determined Theseparametersaneitherbeuser
de nedbasedn prior knowvledge,or they canbedeterminedn a datadrivenmannemvhichis donein
this work following [Vesantcet al., 2000]. Theyalueof M is calculatedrom the numberof training
examplesR usingthe heuristicformulaM = 5 R. Theratio of grid sidelengthss basedn theratio
of thelargesteigewaluesof the datacovariancematrix, andtheactualsidelengths@resetsothattheir
productis ascloseto M aspossible.

SOMs are trainediteratively. After a su cient numberof training steps,it is guaranteedhat
units (or neurons)which areneighbordn the map,alsohave prototypesvhich areclosetogetherno
matterhow the prototypedave beeninitialized. Thusa projectionof highdimensionatlatain alower
dimensionakpacds obtained.

Sequentiatraining proceedswith the following steps:

1. Selectadatapointx randomly

2. Find the Best Matching Unit (BMU) c for x in the map, i.e. the neuronc with the closest
prototypevectorattimet mg(t) to x:

c=amgminjjx m;t)jj (4.24)
|

2Theinterpretatiorasweightvectorjusti®esthe expressiomeuronsincethena unit canbe seenasarti®cial neurorwith
theidentity asactivationfunction.
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Figure4.6: Map andfeaturespaceof a SOM, both of dimensionalitytwo. For eachunit on the grid
the correspondingprototypeis shavn. In the statedepictedhere,the SOM is alreadytrained, i.e.
unitswhich areclosetogetherin the mapcorrespondo prototypevectorswhich areclosetogethelin
featurespace.

wherei is anindex over all neuronsn themap.

3. Now the prototypevectorof eachunit is alteredaccordingo thefollowing updaterule:
mi(t+ 1) =m;i(t) + Ohci([x mi(t)] (4.25)

Here (t) is thelearningrate,andh(t) is the neighborhoocernelaroundthe BMU c. The
neighborhoodkernel usually decreasesvith increasingdistancebetweenc andthe unit i to
which the vectorm;(t) belongs.Furthermorat is non-increasingvith respecto thetimet. A

gausskernel
d(ci)?

hi(t) = e ¢

with anarbitrarydistancefunctiond( ; ) onthe grid (e.g. a block distance)anda valueof
which dependsomehar ont would be suitablefor example.

Di erentstoppingcriteria are applicablefor this algorithm. One commonchoiceis to abortit,
whenthe updatequantitiesfor the prototypevectorsdrop belov athreshold.

Equationd.25canbe interpretedasfollows: All prototypesm; aremovedin the directionof the
examplex. Prototypesarealteredmore,thelarger thedistancebetweermm; andx, andthesmallerthe
distancebetweenthe BMU ¢ andtheuniti correspondingdo the prototypem;. Thuseven prototypes
which arefar away from x arealteredlittle, whentheir correspondingneuronin the mapis far away
from the BMU c, while otherprototypeswhich arefar away aswell from x arealtereda lot, when
their correspondinginit is closeto the BMU c or whenit is c itself (see gure 4.7).

Trainingis oftendivided in two phases.First a large neighborhoodadiusis chosen(i.e. h de-
creaseslowly with increasinglistancdrom theBMU) andthelearningrateis largeaswell, sothatall
prototypesmigratequickly closeto their nal positions.In thesecondohasene tuningis performed
with asmallneighborhoodadiusanda smalllearningrate.

SOMscanalsobetrainedin abatchmannemvhereall datapointsareconsidered@tonetime. That
meanghatall datapointsplay arole for theupdateof anarbitraryprototypem; which belonggo unit
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Figure4.7: Updateof prototypesduring SOM training. While a prototypecorrespondindo a neuron
whichis far avay from the BMU is alteredlittle (m;), anothemprototypewhich hasa neuroncloseto
theBMU is alteredmuchmore(mj).

mi(t + 1) = (t) 5 hC“(t)X' ® (4.26)
L hei ()

wherej = 1;:::Ristheindex overall trainingexamplesandcj = argmaxjixj mg(t)jj, i.e. cjis
theBMU for thetrainingexamplex;.

Similarly to the sequentialtraining algorithm one can seeherethat the nev prototypevector
m;(t + 1) is in uenced mostby thosedatapointsx; for whichthe BMU c; is closeto the neuroni on
the map. For this work the SOM implementatiorof the MATLAB ™ SOM Toolbox[Vesantcet al.,
2000] was used,wherebatchtraining is performedin two phaseqapproximateearningand ne
tuningphasesexplainedabore. Notethatbatchtrainingandsequentiatraininggenerallycorverge
to thesameresults sothatthe explanationggivenabove for thesequentiatrainingalgorithmarevalid
for the batchtrainingalgorithmaswell.

4.5 Classi®cationand Regression

To determinghe userstatefor a givenfeaturevector classi cationtechniquesnustbe appliedwhich
computea mapping
fo: X! C (4.27)
whereX denoteghefeaturespaceandC = fcy;::: ckgthesetof possibleclasslabels.
In contrastto that, task demandis measurecn a continuousor at leaston an ordinal scale.
Thereforeregressiorfunctionsaresuitableto estimatahetaskdemandevel for givenafeaturevector
A regressiorfunctioncomputesa mapping:

f:X! R (4.28)

Note thatif the dependentariablein aregressiontaskcanonly have a nite numberof values
(which is for examplethe casewhenthis variableis ordinally scaled),alsoclassi cationtechniques
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canbeapplied.Thenthefeaturevectorswhich belongto a particularvalueof the dependentariable
areputinto oneclasswhoseclasslabelis thatparticularvalue. In this casehowever theinformation
aboutthe relation betweernvaluesof the dependentariablegetslost, sinceclasslabelsare usually
unrelatedo eachother The taskdemandevels consideredn this work areordinally scaled sothat
bothclassi cationandregressiortechniquesreinvestigatedor taskdemandassessmerfseesection
6.2). Remembethatfor exactly the samereasond DA is applicableto the problemof taskdemand
estimationput thecorrelation-basethethodis expectedo performbetter sinceit respectsheordinal
scalingof the consideredaskdemandevels (seesectiord.3.3).

Two statisticaimachindearningmethodsareappliedfor classi cationandregressiorin thiswork:
Arti cial Neural Networks (ANNs) and SupportVector Machines(SVMs). Both conceptsare ex-
plainedin theremaindeof this section.

4.5.1 Articial Neural Networks (ANNS)
4.5.1.1 BasicPrinciple

Thestructureof asinglearti cial neuronis depictedn gure 4.8.1t recei/esse/eralinputsxg”);:::xfi”),

weightseachinput xi('”) with aweightw;, computeghe sumof theweightedinputsand nally passes
the weightedsumto an "activation” functiong. (Theterm"activation” functionis usedbecausef
an analogyto biological neuronswhich generatean axonalresponsenly if the sum of the incom-
ing impulsesis large enough:if the weightedsumis abore a threshold(often zero)the value of the
activation functionis positive (or closeto one), otherwiseit is be negative (or positive but closeto
zero).) Commonactivation functionsare "squashingfunctions” which map an arbitraryinput to a
certainintenal (e.g.g(h) = tanh(h) or g(h) = ﬁ), linearfunctionsor gaussians(For thelattertwo
the analogyto biological neuronsdoesnot hold.) Mathematicallythe relationbetweemeuroninput

XU (¢ (M) = (XM Tw) (4.29)

Often a biasb (which playsthe role of the thresholdmentionedabove) is subtractedrom the
sumof theweightedinputsbeforethe non-linearactivation functionis evaluated.Thenequatiord.29
becomes

XU (xIMy = g(x™]Tw  b) (4.30)

When settinghowever %) = (xg”); i xfi”); 1)T andW = (wy;:::w;;b)T the formulation of
equatiord.29canbe used wherethe biasis includedimplicitly whenx@ is replacedoy %" andw
by w. For simplicity we assumen thefollowing theimplicit inclusionof the bias,however we omit
thetilde.

The analogybetweenarti cial andbiological neuronswhich aredescribedn section2.1.2does
notonly referto theactivationfunctionbut somemoresimilaritiescanbefoundaswell. Theinputsof
thearti cial neuronorrespondo theelectricalimpulsesiologicalneurongeceve viathedendrites.
Theweightfor eachinput could be interpretedasthe distanceof the dendriteto the somasincethis
determineghe contritution of dendriticimpulsesto the overall potentialin the soma. Finally the
subtractiorof a biasandthe computatiorof a (non-linear)activation functioncorrespondo the way
impulsesare processedn the somato producean outputimpulsewhich is transmittedvia the axon
asexplainedabove. The processem biologicalneuronshowever aremuchmorecomple thanthose
modeledby arti cial neurons.Thereforeaheanalogywhich canbeestablishedetweerbothconcepts
is ratherweak.
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Figure4.8: A singlearti cial neuronwith a squashindunction asactiation function (e.g. gh) =
tanh(h)). Seetext for explanation.

Figure4.9: A multi-layerfeed-forvard neuralnetwork. Seetext for explanation.

An arti cial neuralnetwork combinesseveralarti cial neuronssothatthe outputof oneneuron
senesasoneinput for anotherone. In this work we consideronly feed-forward neuralnetworks,
wherethearti cial neuronsaregroupedn layersandeachayerrecevesinputsonly fromtheprevious
layer (see gure 4.9). Theinputsof the rst layerarecontainedn theinput vectorx(", which can
be a featurevectorof a classi cation problemfor example. The outputsof the lastlayer (which are
the outputsof the whole network at the sametime) canbe for instanceclasslabelswhich are coded
accordingo somecorvention. All layersexceptthe outputlayerarealsoreferredto ashiddenlayers,
sincetheir outputscannotbe obsereddirectly.

The function which is computedby a multi-layer feed-forvard network canalso be formulated
mathematicallyWe de ne x©" = (xX°";:::;: X®“%)T to bethevectorof network outputsandw®"? =

WY1, w9™) to be the weight vector of the ki output unit. Furthermorewe de ne x("d =
(x(lhid); e (h'd))T to be the outputvector of the hlddenlayerandw(OUt) = (w(°“t); s (0“0) to be
thewelghtvectorof the j hiddenunit. Thenwe cancombineall outputlayerweightsm a matrix
weud = (wOW; . W) andthehiddenlayerweightsin amatrix WMD) = (w"¥: :::w"). Finally

we de ne thefunctlonsg(‘)”‘)() andg®d(:) to bethe activation functionsfor the outputlayerandthe
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hiddenlayerrespectiely which take a vectorof weightedsumsasinputsandreturnan outputvector
whosecomponentsepresenthe outputsof the units of the correspondingayer The network inputs
aregivenasfor thesingleneuronby x(™ = (x{::::x{")T. Now we canwrite:

(oud) 1, (in)y — ~(ouD) (out) ~(hid) hid  (in)
X X = W X 4.31
(™) = g™ g Y (4.31)
=x(hid)
In theremaindeof this sectiontheapplicationof neuralnetworksfor classi cationandregression
tasksis brie y describedA moredetaileddescriptioncanbefoundin [Bishop,1995].

4.5.1.2 ANNSs for Classi cation Problems

Let usreturnto the single neuronwhosebehaior is describedby equation4.30. Its usefor clas-
si cation is bestillustratedgeometrically The weight vectorw togetherwith the biasb de ne an
I-dimensionahyperplanevhoseorientationis given by w andwhosea distancefrom the origin is
ﬁ (gure 4.10). If we setthe neurons activation functiong(h) = tanh(h), its outputis largerthen
zeroif aninput vectoris locatedon thatside of the hyperplanevherethe vectorw pointsto (which

is the casefor the examplevectorsdepictedwith "+” in the gure), andit is smallerthanzero,if the
input vectoris locatedon the oppositeside (which is the casefor the examplevectorsdepictedwith

"-" in the gure). Finally the neurons outputhasthe exactvalueof zero,if theinputvectoris located
exactlyonthehyperplane.

Now we assigneachinput vectora tamget valuewhich is either+1 or 1. (For a binaryclassi -
cationproblemthe tamget valuescanbe interpretedas classlabels.) In the following we de ne that
the input vectorswhich are depictedwith "+” have the tamet value +1 andthey arereferredto as
positive examples while the input vectorswhich aredepictedwith ”-” have thetaigetvalue 1 and
they arereferredto asnegative examples.Thusthe examplevectorsx(" in gure 4.10areall classi-
ed correctlyif we computethe network predictionsby sgr(x©49(x(™)). We concludethata single
arti cial neuronis ableto discriminatebetweerpositve andnegative examplesaslong asthey canbe
separatedby a hyperplane.ln otherwords,a singlearti cial neuroncanbe usedasbinary classi er
for linearly separabl@roblems.

Naturally a training procedureis requiredbeforean arti cial neuroncan be actually usedfor
classi cation, sinceone cannot expectthat for a randominitialization of the vectorw positve and
negative examplesare classi ed correctly For the simple casewhereonly a single neuronis used,
thereis anintuitive explanationof thetraining procedure Startingwith arandomlyinitialized normal
vector all trainingexamplesareconsiderecaindwheneer atraining exampleis misclassi ed(i.e. on
the wrong side of the hyperplane)the normalvectoris moved a bit in the directionof thatexample
if the exampleis positive, or in the oppositedirectionif the exampleis negative ( gure 4.11). Math-
ematicallythis canbe describedasa gradientdescenbn anerrorfunctionwhich is describedrie y
belav for the moregenerakaseof multi-layerfeed-forvard neuralnetworks.

Notethatif we have | -dimensionainputvectorswe obtainan| + 1 dimensionahyperplanavhich
passeshroughthe origin, if the encodethe biasimplicitly in the weight vectorasexplainedabore.
Whenusinganexplicit bias,anl dimensionahyperplanes obtainedwvhich doesnotnecessarilypass
thoughthe origin asshavn in gure 4.10. Both formulationsare completelyequivalent. While the
secondone is more suitablefor visualization(the behaior of a single neuronwith two non-bias-
relatedinputscanbe easilyvisualizedin atwo dimensionakoordinatesystemhere),we usethe rst
onein thefollowing becaus®f its mathematicasimplicity.

The classesf real-world classi cation problemscan not always be linearly separated.Thusa
singleneuronis not suitableto addressuchproblems.Using however a multi-layer neuralnetwork
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Figure4.10: Geometridnterpretatiorof the behaior of a singleneuronwith two inputs,i.e. in atwo
dimensionafeaturespace The hyperplanale ned by theweightvectorw hasa distanceof —2 from
theorigin. For the examplevectorsdenotedwith ”+” the neuronoutputsa valuelargerthanO, for the
examplesvectorsdenotedwith "-" it outputsa valuesmallerthan0, wheng(h) = tanhh) is usedas
activationfunction.

with at leastone hiddenlayeranda su ciently large numberof neuronsin this hiddenlayer, two

classesanbe separatedn virtually every way. Kolmogora's theoremeven statesthat a network

with two hiddenlayersanda certainnumberof neuronsn eachlayeris ableto learnevery mapping
from anarbitraryinput spaceo a continuousoutputvariable.This impliesthatsucha neuralnetwork

is theoeetically ableto represenain arbitrarycontinuougunction (which is interestingfor regression
problems)or an arbitrary partitioning of datainto two classegin caseof classi cation problems).
Thepracticalrelevanceof this theoremis limited however sincespecialrequirementsareimposedon

the activation functionswhich cant awaysbe ful lled whenusingstandardrainingtechniques.n

practiceoften networks with one hiddenlayer are usedand the numberof hidden-layemeuronsis

adaptedo the complity of the problem.

Up to now only binary classi cation problemshave beenconsideredwhere predictionsfor a
vectorx canbe computedvia sgr(x©“9(x)), whenthe classlabelsare 1 and+1 asexplainedabore.
For amulti-classclassi cationproblemnetworkswith morethanoneoutputunit have to beusedand
theclasslabelshave to betranslatedo anappropriateutputcoding. For theexperimentsn this work
thefollowing outputcodingwaschosenwhichis suitablefor g(h) = tanhh) asactivationfunction):

classi is assignech tamget vectort; whereall componentsare 1 exceptthei™ componentwhich
is +1. Thusif we distinguish6 classedor example,class4 would be assignedhe tamget vector
t4=(1 1 L1 1 1)T.

Thepredictecclass for agivennetwork outputx©49 cannow befoundby determininghattamget
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Figure4.11: Training of a singleneuronfor its applicationasbinary classi er. The exampleonthe
upperright is misclassi ed by the original hyperplang(dashedine). In the next training stepthe
normalvectorof the hyperplands movedinto the directionof the misclassi edexampleso thatthe
new hyperplangsolid line) doesnot producethis misclassi cationanymore.

vectorfor which the euclideardistanceo the network outputis minimal, i.e.
i=amg minijx(OUt) tjji
J:

It caneasilybeshawn thatthisis equivalentto determiningheindex thelargestcomponenbf the
outputvectorx©u j.e.

The latter methodis computationamoree cient, sincethereis no needto comparethe output
vectorwith thetamgetvectorfor eachclass.

4.5.1.3 ANNSs for RegressionProblems

For the estimationof a scalarregressionfunction usinga multi-layer feed-forward neuralnetwork
only oneoutputunit with a linear activation functionis required( gure 4.12). If this functionis set
to theidentity;, only the weightedsumof the outputsfrom the hiddenlayerneuronds computed.No
outputcodingis requiredhere. The outputof the network canbeinterpretedirectly aspredictionof
the dependentariableof the regressiorfunction. For the training procedurehe given valuesof the
dependenvariablefrom the training examplescanbe useddirectly astamets. Note however that it
is advisableto normalizetarget valuesbeforetraining so thatthey residein a known intenal (andto
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Figure4.12: Topologyof a multi-layer neuralnetwork for regressionestimation. The hiddenlayer
units usetanh activation functionswhile the outputunit usesthe identity as activation function as
depictedby thesymbols.

unnormalizepredictiondater)in orderto beableto selecttheinitial weightsin away thatthetraining
procedureconvergesquickly (seealsosection4.5.1.5).

4.5.1.4 ANN Training

The remainingissueis how a neuralnetwork learnsthe appropriatemappingfor a classi cationor
regressiontask. While this canbe explainedeasilywith a geometricanalogyfor a binary classi er
which consistf a singleneuron(seeabore), thetraining procedurefor a neuralnetwork is slightly
morecomple. In this work we usea simplealgorithmcallederrorback-propagatiofor ANN train-
ing. Only theprincipleof thisalgorithmis illustratedhere.For furtherdetailsandtherathertechnical
deriationof thealgorithmreferto [Bishop,1995].
The goal of error back-propagatioiis to minimize someerror function on the training data. A

very commonerrorfunctionis the sumof the squareddistancedetweerthe targetsandthe network
outputsfor all trainingexamplesn thetrainingsetTR = fx;tg

' X
E(W(hld); W(out)) — jjt X(out) (X)JJZ (432)
x;1)2TR

The relation betweenthe weight matricesw®™® and W' and the computednetwork output
x©u(x) is givenby equatiord.31.

Minimization of the errorfunction4.32is performedusinga gradientdescentvith respecto the
network weights. Thisresultsin di erentupdateequationgor theweightsin W©U andw®id) of the
outputandthe hiddenlayer In the updateequationgor the weightsin W9 |ocal errorsareused
which areobsered at the units of the outputlayers. This explainsthe nameerror back-propagation
for thistrainingprocedure.
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4.5.1.5 Practical Problems

Somepracticalproblemsmustbe consideredor the applicationof neuralnetworksin classi cation
or regressiontasks.They aresummarizedrie y in this section.A moredetaileddiscussiorof these
issueds providedin [Bishop,1995].

Whenusingthe error functionof equatiord.32it is importantto adjustthe amountof training

datafor all classego be approximatelyequal,i.e. to createbalancedraining data. Otherwise
the network mightbecomebiasedowardsthoseclassesvhich containmoretrainingexamples,
sincethe minimizationof the errorfor the examplesof suchclasse®ftenminimizestheoverall

errorfunctionbest.

If the value of the dot productbetweeninput vectorsand the weight vectorh = x"w is too
large, change®f thenetwork weightscausevirtually no changen the network outputsincethe
slopeof sigmoid-andtanh-activation functionsfor large algumentsis extremelysmall. This
may leadto a very slow convergenceof thetraining procedure A goodheuristicto avoid this
problemis to initialize the network weightsrandomlyto smallvalues,e.g. from the intenal

[ 1;1]. Thee ectof small,randomlyinitialized weightsgetslost however whenthe network
inputsaretoo large. Thereforethe network inputs shouldbe eithertransformedso that their
valuesresidealsoin asmallinterval aroundzero(again[ 1;1] is suitablefor instance)pr each
network weightmustbe adaptedo therangeits input, sothatatthe endthevalueof h is keptin

areasonableange.In thiswork featuresarenormalizedoeforethey areusedasnetwork inputs
sothatthey have valueswhichareatleastcloseto[ 1;1] (seesectiord.2.3). Thereforeweights
aresimply initialized randomlyin [ 1;1] to assuraeasonabléastcorvergenceof thetraining
algorithm.

Randomweightinitializationsarealsothereasornthatdi erentlocal minimaof theerrorfunc-
tion are found, when a network is trainedseveral timeswith the sametraining data. When
now the processf trainingandevaluationof the network performancen testdatais repeated
seseraltimes, resultsexhibit certain uctuations. They canbe reducedalthoughnot avoided,
whenfor a giventrainingandtestsetmorethanonenetworks aretrainedandevaluated.Then
majority decisiongin caseof classi cation)or averagingover all network predictions(in case
of regressioncanbe usedto obtainmorestableestimatedor correctclasslabelsor regression
functionvalues.

The problemof over tting the training data can be treatedin several ways for neuralnet-
works [Bishop, 1995]. In this work a techniqguecommonlyknown as early stoppingis used.
Theerroron the validationsetis computedafter eachtraining epoch,usingthe error function
from equatiord.32. Thegoalisto nd thatepochwherethevalidationerrorhasits global min-
imum. Usingthe network with the weightsfrom this epoch,oneassumeshat generalization
performancendthustheerroron unseerdatais best( gure 4.13).To nd theglobalminimum
of the validation error a heuristicis applied: Eachtime after a potentialminimum (which is
not necessarilyglobal) hasbeenfound, training is continuedfor a few more epochs.Only if
duringtheseepochghe validationerror doesnot decreasagain(or alternatvely if it doesnot
fall below the previously found minimum), trainingis abortedandthe weightsfrom the epoch
wherethe validationerror was minimal are used. Otherwisetraining is continued. To make
surethatthe algorithmstopsaftera nite numberof epochstrainingis abortedaswell when
thetrainingerrordropsbelown a certainthreshold.
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Epoch where optimal weights
have been found
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Figure4.13: Trainingerror (blackline) validationerror (gray line) anderror for unseerdata(dashed
line) over the numberof training epochs.|deally the error for unseerdataandthe validationerror
have their minimumat approximatelythe sameepoch.

4.5.2 Support-Vector-Machines (SVMs)

SVMs arean interestingalternatve to ANNs for the constructionof classi ersor the estimationof
regressiorfunctions.Therearetwo essentiabdvantage®f SVMs comparedo ANNS:

1. Thetopologyof a neuralnetwork, i.e. the numberof hiddenlayersandthe numberof neurons
perhiddenlayer, hasto be determinedeforenetwork training. Thereforeeitherprior knowl-
edgeis requiredto determinethe network topology or time consumingcrossvalidationmust
be appliedto selectthe besttopologyout of a hugenumberof possibilities.For SYMsno such
topologyselectionis required.

2. SVM training algorithmsconverge to a uniquesolution,i.e. whensereral SVMs aretrained
with the samedata,they produceexactly the sameresultson testdata,in contrastto neural
networkswhereresults uctuate asexplainedabore.

FurthermoresVMshave usuallygoodgeneralizatiopropertiesandno validationsetis requiredto
estimatahegeneralizatioperformancef thelearnednodels,n contrasto ANN trainingprocedures
where methodslike early stoppingrequire validation data. Insteada penaltyterm is usedwhich
keepsthe model complity low andthus avoids over tting. Note that similar techniquesknown
asweightdecayare alsoapplicableto neuralnetworks [Bishop, 1995]. However the weight of the
penaltyterm plays an importantrole hereandit is often determinedusing againcrossvalidation
(seefor instancelDuta et al., 2004]). This problemis lessseverefor SVMs. More detailson how
generalizations achiezed for SVMs aregivenin sectiord.5.2.5.

In theremaindepf this sectionthebasicprincipleof SVMsis summarizedrie y (seefor instance
[Burges,1998]for amoredetailedintroduction)andextensionsof the original SVM formulation,i.e.
of the useof SVMs asbinary classi ers, aredescribed.Theseincludethe applicationof SVMs for
multi-classclassi cationproblemsaccordingo [CrammerandSinger 2001]andfor the SVM-based
estimationof regressiorfunctionswhichis describedn detailin [SmolaandSclblkopf, 1998].
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Figure4.14: Separatiorbetweenwo (linearly separabletlassesn atwo dimensionafeaturespace
found by an ANN (left) andan SVM (right). While the ANN training procedurecan corverge to
several possiblesolutions,the SVM determines uniquehyperplanavhich maximizesthe margin

to the positive exampleg(denotedwith ”+") andnegative examples(denotedwith "-").

4.5.2.1 Basicprinciple

In their original versionSVMs arebinary classi ers. The mostsimplevariant,the linear SVM, can
separatéwo classesn afeaturespaceof arbitrarydimensiorby ahyperplaneThesameproblemcan
alsobesolvedby asinglearti cial neuron(seesectior4.5.1.2).Thedi erencebetweerbothmethods
canbe understoodntuitively whencomparingthe separationsvhich arefoundfor linearly separable
classi cationproblemsin atwo dimensionafeaturespaceby eachof theclassi ers( gure 4.14).

The singleneuronmay nd di erentseparatindnyperplaneglinesin the two dimensionakase),
dependenbn the (local) minimum of the error function to which the training procedurecorverges.
The SVM insteaddetermines separatiorbetweerthe classesvhich is in a certainsenseoptimal. It
maximizegthe "securitymaigin” to both,the positive (denotedwith ”+") andthe negative (denoted
with ”-") trainingexamples.

Mathematicallythe hyperplanevhichis foundby an SVM is givenby

w' x+b=0 (4.33)

wherew is thenormalvectorof thehyperplaneandb ano setwhichis proportionalto thehyper
planes distanceérom theorigin (thedistanceds exactly ﬁ) An exampleis classi edto bepositive if
w'x+ b > 0, otherwiseit is classi edto benegative. Let now theclasslabely; for atrainingexample
Xi be +1if x; is a positve exampleand 1 otherwise. Thenthe following conditionshold for the
trainingdataTR = f(x;; y;)gwith respecto the hyperplanade ned by equatior4.33which hasbeen
determinediuringtraining:

8(Xi;¥i) 2TR:yiw xi+b ) (4.34)

In otherwords,all trainingexampleshave adistanceof atleast from thehyperplane(Notethat
theabove conditionscanonly beful lled, if thetrainingdatais linearly separable.)

To obtainmaximalmagins,thevalueof hasto bemaximized.Divisionby andsettingw = ¥
andb = © resultsin thefollowing conditionwhich mustbeful lled for thetrainingdata:

8(xi;yi) 2TR:yi(W x+b) 1 (4.35)

Now the valueof canbe maximizedvia the minimization of jjwijj. Thuswe end up with the
following constraineaptimizationproblemwhich hasto besolvedto nd thedesiredseparationvith
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Figure4.15: Two outlier exampleghighlightedin gray)which make alinearseparatiorof theclasses
impossible(left) andthe solutionof this problemusingsoft magins (right).

amaximalmagin. (Fromnow onwe omit thetilde in equatiord.35for betterreadability):

Minimize jjwijj
subjectto
yilw xi+b) 18(xi;yi) 2TR (4.36)

Notethatthe nal separatioris determinecby only a few training vectorswhich arereferredto
assupportvectors.The supportvectorshave the propertythatthey arelocatedexactly onthesecurity
maigin.

Figure4.15illustratesasituationwhereonly becausef two trainingexamplesolinearseparation
betweerthetwo classess possiblearymore,althoughbothexamplesarelikely to beoutliers. To cope
with thatproblemsoft maginsareintroducedwhich allow thattrainingexamplesviolatethe security
maigin ata certaincost. Equation4.35becomesiow

8(Xi;¥i) 2TR: yiw x+b) 1 (4.37)

where ; determineshiow muchthe mamgin is violated.
Usingsoft mamgins, the optimizationproblemof equatiord.36 mustbe extendedo:

Minimize jjwjj + C Pi i
subjectto
yiw xi+b) 1 i8(x;y)2TR (4.38)

C isauserspeci edfactorherewhich determineshecostfor theviolation of thesecuritymaigin.
High valuesof C favor little violationswhich resultsin a smallmaigin in consequencdower values
of C producemoremamgin violationsthusallowing a largermaigin.
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The optimizationproblem4.38 can theoreticallybe solved using standardtechniquesfor con-
strainedoptimization. However thesetechniquesnvolve the computationof matriceswhosesize
grows quadraticallywith thefeaturevectordimensionality Thereforeheapplicationof standardech-
niquesbhecomeslreadyunfeasiblefor featurevectorsof mediumsizebecausef speedandmemory
reasons. To overcomethat problemseveral approximationsand modi cations of the standardop-
timization algorithmshave beendeveloped. For more detailsconcerningthe solution of the SVM
optimizationproblem pleasereferto [Burges,1998].

4.5.2.2 Non-linear SVMs

SVMs arealsoapplicableto classi cationtaskswhereclassesarenot linearly separable.In sucha
casethe featurevectorsx which we assumenow to be elementf RN aremappednto aneuclidean
spacewith ahigher(possiblyin nite) dimensionalitywhichwe callH usingamapping :

‘RN1T H

Becauseof sereral ndings of statisticallearningtheory (see[Burges, 1998]) it is a plausible
assumptiorthatif only the dimensionalityof H is high enough the classesanagainbe separated
linearly in H. Note however thatin this casethe securitymagin is maximizedonly for the linear
separatiorin H but not for the (non-linear)separatiorof the classesn the original featurespace.
Neverthelesshe generalizatiorperformancef non-linearSVMs is usuallystill very good. The opti-
mizationproblemfrom equatiord.38looksasfollows for thenon-linearcase:

Minimizejjwjj+CPi i
subjectto
i W) (i)+b 1 i8(xi;yi)2TR (4.39)

Themapping is never computedexplicitly, sincethis would be computationallyery expensie
forasu cientlyhighdimensionalityof H andeveninfeasibleif thedimensionalityof H wasin nite.
Theexplicit evaluationof  is avoidedusinga methodcommonlyreferredto as”kerneltrick™:

During optimizationit turnsout, thatthe vectorw canbe written aslinear combinationof some
training vectors,the "supportvectors”,which we de ne to belongto a setSV. As explainedabove,
thesevectorshave the propertythatthey lie directly onthe magin andthusuniquelyde ne the sepa-
rationbetweerthe classesThusw becomes

W= iXi (4.40)
28V
where ; representruly positive weightsfor the supportvectorsx 2 SV.
Furthermorealuringclassi cation,i.e. theevaluationof sgriw x+ b) for sometrainingexamplex
andalsoduring optimizationonly dot productsbetweerfeaturevectorsarecomputed.Thereforewe
cande ne
koG x) = ()" (%) (4.41)

to bethe dot productbetweenwo featurevectorswhich have beenmappedeforeto H using
Substitutionof equation4.40in equation4.39 andapplicationof the identity 4.41yieldsin the
following optimizationproblemwhereno explicit mappinginto H is requiredarymore:
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P
Minimize jjwjj+ C ;i
subjectto
yi kw xi)+b 1 8(x;¥i)2TR (4.42)

The functionk( ; ) is calledkernelfunction andit canbe ary function which ful lls Mercers
condition(see[Burges,1998]for anexplanationof this condition).If thisis thecaset canbeproved
thatthe kernelfunctioncomputesa dot productin somehigh dimensionakuclideanspaceH which
needsot necessarilyo beknown.

We concludethatthe kerneltrick for computingthe dot productbetweerfeaturevectorsis useful
to apply SVMs for non-linearlyseparablgroblemswithout increasinghe amountof computational
costtremendouslyOnly the evaluationof the kernelfunction needsusually more computatiorthan
the evaluationof the dot productin featurespace.Thereforethe computationak ort for non-linear
SVMsincrease®nly by amultiplicative constantomparedo linearSVMs.

Popularkernelfunctionsare

kix;y) = (X7 y+¢o) (4.43)
ky) = ex iRz (4.44)
kogy) = tani( (X" y) ) (4.45)
whered, , and arefreeparametersvhichareusuallydeterminedisingcross-alidation.Note

that becauseof the needfor cross-alidationto tune the kernel parametersoften linear SVMs are
preferredto non-linearSVMs whenit is not known a priori thatthe datafollows a highly non-linear
relationship.

4.5.2.3 Multiclass SVMs

Up to this point only binary classi cation problemshave beenconsideredn the contet of SVMs.
Theproblemof userstateidenti cation whichis addresseah thiswork involveshowever thediscrim-
ination of morethantwo classes.One possibility to apply SVMs for multi-classclassi cationis to
trainan SVM for eachclasswhich discriminateghe examplesof this classfrom all others. Thenthe
distancefrom the maigin computedby thedi erentSVMs canbe usedasa criterionto make a nal

decisionfor the predictedclass,if morethanone SVMs decidethat an examplebelongsto "their”
class.In thiswork a moreelegantsolutionof thatissue proposedn [CrammerandSinger 2001],is
usedwhich addressethe multi-classclassi cationproblemfor SVMsdirectly Thefunction fc which
mapsa featurevectorto a classlabelis de ned hereasfollows:

fo(x; M) = ag mrafor Xg (4.46)

fc simply decideghatanexamplex belonggo thatclassr for which thesimilarity betweerx and
the prototypevectorM, for classr (expressedria the dot productof both vectors)is maximal. The
matrix M containgthe prototypevectorsM, aslines.

Theempiricalerrorof theclassi erin equatiord.46onthetrainingsetTR = f(X;; y;)gcanthusbe
formulatedas:
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1 X
Eemp = TR T M) (4.47)
J (xi;yi)2TR
The conceptof magin maximizationis introducednow by replacing(l  t.(x:m)y) in equation
4.47by

Thusthe errorfor an example(x;; ;) is zeroonly if the similarity betweenx; andthe prototype
of its correctclassMy, is at leastlarger by onethanthe similarity betweerx; andthe secondsimilar
prototype.Otherwisethe errorthe errorincreasegontinuously

The optimizationproblemto be solved for multi-classSVMs is similar to the problemfor binary
SVMs:

Minimize jjMjj?
subjectto
My,

X+ yr Mr xi 18r8(xi;yi) 2 TR (4.49)

Theincorporationof slackvariablesandkernelsis analogousgo the procedurdor binary SVMs
which hasbeenexplainedin sections4.5.2.1and4.5.2.2.For moredetailspleasereferto [Crammer
andSinger 2001]. In this work an extensionof the publicly available SV M"9" software [Joachims,
1999]is usedfor SVM basedmulti-classclassi cation, which embedsthe above formulationin a
moregeneraframevork (seg[Tsochantaridigtal., 2004]for details).

4.5.2.4 RegressionSVMs

For the estimationof regressiorfunctionsthe trainingexampleg(x;; y;) 2 TR containa featurevector
Xi asin caseof classi cationanda continuousvaluey; which is the target value of the regression
function f to bepredicted.

Thesimplestcases to learnonly alinearfunction:

fx)=w x+b (4.50)

Usually it is unfeasiblein the presencef noiseto t dataexactly to a linear function (even if
thedatafollows a linearrelationship).For ordinaryleastsquareregressiorthis problemis addressed
by minimizing the squarecerror betweerthe valuesof the estimatedunction andthe targetsof the
training examples. In caseof SVM-basedregression,noiseis consideredsimply by requiring the
trainingexamplesto lie within an -tubearoundthe estimatedunctionin orderto causeno cost(see
also gure 4.16). Thusthefollowing constraintaareimposedfor the estimationof f with respecto
thetrainingdata:

8(%;yi) 2 TR
Yi WX b
and
W Xj+b (4.51)
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v

Figure4.16: Useof soft maginsfor SVM regression.The -tubewheretamgetsof thetrainingdata
may lie without causinga costis shadedn gray Only outlierswhich do not lie within the -tube
causeacostwhichis proportionato or respectiely.

Additionally onerequiresthatthe attest possiblefunctionis chosenout of all functionswhich
fulll the above constraints.In analogyto classi cationSVMs, atnessis de ned herein termsof
jiwjj, i.e. jjwjj is to be minimizedto obtainthe attest function. For a morerigid justi cation of that,
pleasereferto [Smola,1998]. Intuitively the attest function canbe thoughtasthatfunctionwhich
adaptdeastto the noiseof the training data,which is particularly evident for non-linearregression
functions.

Thuswe have thefollowing optimizationproblemfor SVM regression:

Minimize jjwjj subjectto
Vi W X b
and
W Xi+b vy 8(Xi;Vyi) 2 TR (4.52)

Similarly to the classi cationcasetheintroductionof soft magins makessenseheretoo, in order
toreducethein uence of singleoutliersontheestimatedunction( gure 4.16). Thentheoptimization
problembecomes

X
Minimize jjwjj+ C i+
i
subjectto (4.53)
Yi w X b o+
W Xxi+b y o+
i i 0 8(Xi;yi) (4.54)

Exactly in analogyto classi cation SVMs, kernelscan be usedaswell to estimatenon-linear
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regressionfunctions. Note however that hereagainthe useof kernelsrequirescross-alidation to
determineappropriatekernelparameters.

For the solutionof the optimizationproblemsrelatedto SVM regressionthe sametechniquesis
for SVM classi cationareapplied. The software SV M9 [Joachims1999]is usedin this work for
SVM-basedegressiorfunctionestimation.

4.5.2.5 GeneralizationPropertiesof SVMs

Now thatthebasicconceptof SVMs areintroducedheir generalizatiorpropertieshallbeanalyzed
brie y. Theactualgoalof eachclassi cationor regressiortaskfor which a mappingf(x) = y must
be learned,is to minimize someerror function for unknavn data(i.e. the actualerror Eacya). The
datais assumedo be generatedby a probability distribution P(x; y).

Z

Eacual = ¢ Xx;y; f(X) dP(X;y) (4.55)

wherec is anarbitrarylossfunctionsuchasthe squarederror(y  f(x))?

SinceP(x;y) is usually not known, the actualerror can not be computedexactly. Neural net-
works (without regularizationtechniquesuchasearly stoppingor weightdecay seesection4.5.1.5)
approximatehe actualerrorusingthe empiricalerroronthetrainingsetTR:

X
c(x;y; F(x)) (4.56)

Eeer - ==
JTRJ (xy)2TR

whichis clearlysuboptimakinceit makesover tting verylikely. Thereforan caseof SVMsapenalty
termis addedo E¢nyp sothatthefollowing errorfunctionis minimized:

Esvm = Eenp +  JWjj (4.57)

It hasbeenshavn above thatthe minimizationof jjwjj corresponds$o nding the hyperplangin
featurespacefor linear SVMs, in H for non-linearSVMs) with the maximalmamgin to the classes
to be separatedor a classi cation problem,or to nding the attest function which approximates
the datafor a regressiorproblem. The above formulationshavs now thatthereis arelationbetween
thesecriteriaandthe approximatiorof the actualerrorin caseof SVMs. The minimizationof jjwjj is
usedhereto avoid over tting sincethe overall error cannot be minimizedsimply by minimizing the
empiricalerroronly. ThereforeSVMs have usuallygoodgeneralizatiorpropertiesalthoughno extra
cross-alidationis required.

4.5.3 Multiple Linear Regression

Multiple linear regressionis a very simple methodfor the estimationof regressionfunctions. In
contrasto SVMs (with kernels)andmulti-layerneuralnetworkswhich canestimatenon-linearfunc-
tions, only linear relationshipscan be obtainedusing this method. Given the training dataTR =
f(X1;¥1); 1 (Xr; YR)G thegoalis to learnafunction

fX)=w' x+b (4.58)

suchthatthe empiricalerrorfor thetrainingsetTR is minimized. In ordinaryleastsquargOLS)
regressiorthisis the meansquaresrror
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1 X
Eos = —=

- v f(x))? (4.59)
TR yerr

Now we explain how a regressiorfunctionis found using OLS regression.Let the training data
be
For the sale of clarity we eliminate rst theparameteb from equatiord.58by setting
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wherexi(j) denoteghe j!" componenof theit" featurevectorandw()) the j regressiorcoe cient.
Thenequatiord.58becomes

f(x) = w'x

X = T:oT
X1 Xk

Usingtheabove de nitions theregressiorcoe cientsw which minimizethe errorfrom equation
4.59arethebestapproximatie solutionof the systenmof linearequations:

y=X w

Obviously an exactsolutionfor equatiord.5.3canonly be foundif the matrix X hasa rankof N
whichis usuallynot the case.Notethatanexactsolutionof the equationwould yield in anempirical
errorof zero,sinceif W = w we have

X
O=jy X wj= (Vi WTXi)Z = Eols
(Xi:¥i)2TR

Normally the problem4.5.3is however eitherunderdeterminedr over determinedIn thatcase
an approximatesolutioncanbe computedwhich minimizesEgs, usingthe pseudanverseX* of X.
This matrix hastheimportantpropertythatthe estimate

w=X"y

for w minimizesjly X wijj> which also minimizesEys. The pseudoinverseof a matrix is
usually computedusing a singularvalue decompositiorand its computationis possibleevenif the
matrix is notsquareandof full rank. For adescriptiorof morepropertieof thepseuddnverseandan
explanationof thealgorithmfor singularvaluedecompositiompleaseeferto [GolubandLoan,1996].

More informationaboutmultiple linearregressiormethodsandthe statisticalanalysisof the ob-
tainedregressionfunction canbe foundin [Chatterjeeand Price,1991]. Note however somecondi-
tionsmustbeful lled sothatstatisticalmethodgfor the interpretatiorof the regressiorfunctioncan
be applied. In particularthe featuresarerequiredto be uncorrelatecandthe distribution of the vari-
ableto be predicteds assumedo be gaussianBoth conditionsarenot ful lled whenwe applyOLS
regressiorto the problemof taskdemandassessmetiitom high dimensionaEEG data.

Note nally thatordinaryleastsquareregressiorminimizesonly the empiricalerrorwithout per
forming ary regularizationin orderto attemptto minimize the actualerror in contrastto SVMs.
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Thereforeone shouldexpectthat SVMs have bettergeneralizatiorpropertiesthan OLS regression.
FurthermoreSVMs can estimateregressionfunctionseven in casesof high featuredimensionality
andsparsdraining data. In caseof OLS regressiorthis leadsto stronglyunderdeterminedsystems
of linearequationgor which eventhe computatiorof a pseuddnverseis not possiblearnymore.

4.6 PerformanceMeasurements

In this sectionsomemeasureso evaluatethe performanceof classi cation or regressionfunctions
areintroduced. This overview shouldhelp the readerto interpretthe resultspresentedn chapter6
correctly

4.6.1 PerformanceMeasurementsfor Classi cation Problems

As explainedin sectiond4.5a classi cationfunctionassignsa classlabelcy dravn from a nite setof

thecorrectclasslabelfor thefeaturevectorx, the performancef a classi cationfunctiononthis test
setcanberepresenteth aconfusionmatrix CM:

CM z faijdfj-, with (4.60)

Gj = yi (]
(x;¥)2TE

Theentriesof theconfusionmatrix canbeinterpretedasfollows: Theelement;j, i.e. theelement
in thei®™ line andthe j™ columncontainsthe numberof testexampleswhich belongto classi and
which areclassi ed by thefunction f to belongto classj. Thusin the diagonalof CM the numberof
thoseexampless foundwhich areclassi ed correctly

Theaccuray A for classi is de ned astheratio of the numberof examplesbelongingto classi
which wereclassi ed correctlyto the numberof all examplesbelongingto classi in thetesttest. It
canbe calculatedrom the confusionmatrix:

C..
Ai = P—K L (461)
=1+
Theaverageaccurag A over all classess thende ned as:

_ 1%

K i=1

Notethatif testsetsarenot balancedi.e. if thedi erentclassesio not containanequalamount
of data,it is importantto distinguishbetweerthe averageaccuray andthetotal accurag A® which
we de ne hereto betheratio of all correctlyclassi ed examplego all examplesin thetestset:

P

A A (4.62)

A= p ELT (4.63)
K & '

i;j=14]

It is evidentthat classesontainingmore examplescontritute moreto the total accuray, if the

testsetis notbalancedThis introducesunwantedbiasedn theresults sinceonecannot assumehat
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userstatesfor which muchdatais available from our datacollection,alsooccurmostfrequentlyin

real life situations. In this work unbalancedestsetsare usedin orderto exploit all available data
for testing. This hasthe adwantagethat accuraciegor thoseclassesontainingmary testexamples
aremorereliable. The abore problemof biasedresultsin caseof unbalancedestsetsis avoidedby

reportingalwaysaverageaccuracieinsteadof total accuracies.

In thefollowing accuraciedor di erentclasse®r averageaccuraciesor completetestor valida-
tion setsarereportedin mostcasedo evaluatethe systemperformancesincethis measuras more
concisethana confusionmatrix. Only for afew analysesonfusionmatricesare considerecswell.
This is especiallyinterestingwhenthe accurag for oneor moreclassess not good,sincethenthe
classesvhich are confusedmostwith eachotherby the classi er canbe identi ed in the confusion
matrix.

Note that only the term accurayg is usedin the next sections,sinceit becomeslearfrom the
context whetherthe averageaccurayg for a whole datasetor the accurag for a particularclassis
meant. Usually the meanvalueover the accuraciegor all recordingsessiongrom a particulardata
collectionis reported,however in somecasesalso accuraciedor particularrecordingsessionsare
given. Also alsohereit canbeinferredfrom the context whichkind of accurag is meant.

Averageaccuraciedor classi cationproblemscanonly be comparedwhenthey were obtained
for the samenumberof classessincethe "chanceaccurag” A© obtainedasaverageaccurag by a
trivial classi er which alwayspredictsthe sameclass varieswith the numberof classes:

CI
A G (4.64)
Thereforean averageaccurag of 60% would be still anacceptableesultfor the discrimination
of 10 classeA© = 10% here)but only little above the chanceaccurag of 50% for a binary clas-
si cation problem. A gure which evaluatesthe performanceof a classi er independentljrom the
numberof classess the normalizedexpectedioss,which relatesthe averageerror E = 1 Ato the

errorE© producedy thetrivial classi er which alwaysselectshe sameclass:

E 1 A
NEL= =5 = T2@ (4.65)
The smallerthe value of NEL the betterthe performanceof a classi er, no matterhov mary
classesrediscriminated.Thereforeghe normalizedexpectedosscanalsobe usedto compareesults
from classi cation problemswith a di erentnumberof classes.Note that for "reasonable’values
of E,i.e. for0 E EO, the normalizedexpectediossresidesin [0; 1] andit hasthe following
properties:

E=0, NEL=0
E=E®, NEL=1

This is not the casewhen the averageaccuiacy A is relatedto the chanceaccurag A©. The
value of % is boundedby % for A = 1, i.e. it still dependson the numberof classeswhile the
normalizedexpectedossis 0 whenA = 1, regardlesf the numberof classesFor theabove reasons
the normalizedexpectedlossis usedin the following to compareresultswhendi erentnumbersof
userstatesareconsideredy aclassi er.

Whenaccuracie$or di erentparametecon gurationsof thesystemarecomparedit isimportant
to determinavhetherimprovementsaresigni cant. Let Ac, andAc, bevectorscontainingtheaccura-

ciesfor thetestsetsof di erentrecordingsession®btainedwith two di erentsystemcon gurations
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C1 andCo,. If themeanvalueoverthecomponentsromthedi erencevectorAc, Ac, isnow signif-

icantly largerthanzero,this meanghatcon gurationC, is signi cantly betterthanC;. Signi cances
arereportedherealwayson the 5% level if nothingelseis mentionedexplicitely, i.e. the probability

is lessthan 5% that C, is not betterthanC; for arbitrary data,althoughone decidesthe contrary
becausef theresultof the signi cancetestwhich is basedon the accuraciedor the giventestdata.

Signi cancewastestedthroughoutthis work usingright-tailedt-tests,i.e. the alternatie hypothesis
wasthatthe meanover the component®f Ac,  Aci waslargerthanzero (which correspondso a

null-hypothesighatthe meanis smallerthanzero).

4.6.2 PerformanceMeasurementsfor RegressionProblems

As alreadyexplainedin section4.5thedi erenttaskdemandevelsconsideredn this work areordi-
nally scaledandthey canbe predictedrom EEGdataaswell with regressiorandclassi cationmeth-
ods. Also the performanceof a systempredictingan ordinally scaledvariablesuchastaskdemand
levels canbe evaluatedwith methodswhich are commonlyusedfor the evaluationof regressionor
classi cationfunctions. Sincesuchmethoddfor classi cationfunctionshave alreadybeendescribed
in theprevioussection this sectionconcentratesn methoddor theevaluationof regressiorfunctions
andtheir modi cationsto make themsuitablefor the predictionproblemsgiven here.Furthermoret
is describechow classlabelsfrom the predictionsof aregressiorfunctioncanbederived.

A very simplemethodto analyzethe performancef aregressiorfunctionis thesquarecerrorSE
betweerthetamgetsy andthe predictionsof thefunction f(x) for atestsetTE = f(y; X)g Thesquared
erroris usuallyde ned as:

1 X
E= — (fx) )2 (4.66)
JT EJ (x;¥)2TE
Sincetestsetsareunbalancedor thereasongxplainedabore alsoin caseof thetaskdemandiata,
i.e. theamountof testdatafor eachtaskdemandevel is not equal,equatiord.66 hasto be modi ed
suchthatthe contrilbution of eachtaskdemandevel to the overall erroris considerecequally Let

Furthermordet N; be the numberof examplesavailable for taskdemandevel i. Thenthe squared
errorfor unbalancedlatasetsSE,, canbede ned asfollows:

2 X X

1 1
SEw= [
i=1 ' (xy)2TE

yi(FO) )2 (4.67)

This formulationhasthe advantagethatit accountdor unbalancediatasets,but it equalsto the
squarecerrorfrom equatiord.66for abalancediataset.

Also the correlationcoe cientr betweenpredictionsandtametsis usefulfor the evaluationof
regressiorfunctions.While alow squareckerrorindicateghattargetsmatchpredictionsvery well, this
is not necessarilyhe casefor acorrelationcoe cientcloseto one.A high correlationcanalreadybe
obtainedif thedi erencebetweenwo tamgetsis alwayssimilar to thedi erencebetweenthe corre-
spondingpredictionsyegardlesof theo setbetweertamgetsandpredictions.(Notethatnevertheless
alow valueof SE usuallyimpliesahigh valueof r but notvice versa.)A commonde nition of r is:

e TR 9
" pzre(F) 002 eyerely )

(4.68)
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where f(x) denotesthe meanover all predictedvaluesandy the meanover all tamgets. As in
caseof the squarederror, this basicformulation of the correlationcoe cient doesnot accountfor
unbalancedlatasets.This problemcanbesolved by computingcorrelationcoe cientsr ) separately
for eachtaskdemandevel i (by consideringonly thoseexamples(x;y) 2 TE for whichy = i) and
thentakingtheaverageoverall r() for i = 1;::: K. Thusthecorrelationcoe cientr, for unbalanced
datasetsis de ned as:

xo
rj=  r® (4.69)
i=1
Note that r,, doesnot equalto r for a balanceddataset. However it can be shavn that the
di erencedetweerbotharenotvery large for balancedlatasets,whenonly a smallnumberof task
demandevelsis consideredandthe variancef the examplesarenottoo di erentfor thedi erent
taskdemandevels. Both assumptionareoftenful lled in practice.
Evenmoreinsightinto therelationbetweertaigetsy andpredictionsf (x) canbe gainedby com-
putingalinearregressiorfunctionwhich useshetargetsasdependentariableandthe predictionsas
independentariable:

y=by f(x)+ b (4.70)

Similarly to the correlationcoe cientr, the the slopeof the regressionfunction b, is closeto
onewhenthe di erencebetweentwo tamgetsis always similar to the di erencebetweenthe two
correspondingredictions.Thecoe cientbg re ectstheo setbetweertargetsandpredictionsj.e. it
indicateswhetherthe predictedvaluesaresystematicallysmalleror largerthanthetamgets.

Also classi cationaccuraciesanbeobtainedor thepredictionsof taskdemandisingaregression
function. For thatpurposét is necessarthateachtaskdemandoredictionis assigned label,namely
thetargetvaluefor sometaskdemandevel. As abore we assumehatthedi erenttaskdemandevels

which assignsachpredictionf (x) its closestargetvalueaslabel:

109 = agminjf() g (4.71)

The obtainedlabelscannow be interpretedaspredictedclasslabels,sothatall methodsfor the
evaluationof classi cationfunctionsfrom section4.6.1 canbe usedto evaluatethe systemperfor
mance,even when a regressionmethodhasbeenusedfor the predictionof task demand. In the
following resultsfor taskdemandestimationarereportedmostlyin termsof classi cationaccuracies
becausef the concisenessf this gure. Only for moredetailedanalyseshe modi ed performance
measure$or regressiorfunctionsfrom above areapplied.



Chapter 5

Data Collection

To be ableto conductthe experimentsvhich arereportedin chapter6, EEG datahadto be collected
rst. In this chaptetthetechnicalrecordingsetupandthe scenariogor the collectionof userstateand
taskdemanddataaredescribedandsome gures illustratingthe amountof collecteddataaregiven.

5.1 Recording Setup

Most EEGdatahasbeencollectedusingastandardEEG-capanElectroCapM, [Electro-Capinterna-
tional, Inc.,], gure 5.1)whichis usuallyusedfor clinical EEGrecordings.Thisrecordingdevice is
equippedwith 19 Ag=AgCI electrodesat the positionsde ned by theinternationall0-20system(see
gure 2.12).Forourdatacollectionl6 electrodestthepositionsFpl,Fp2,F3,F4,Fz,F7,F8,T3, T4,
T5,T6, P3,P4,Pz,01 andO2 wereselectedor recording.Theseelectrodesover all cortex regions
but the motor cortex (see gure 2.23),sincewe assumehatmotoractvity is of little importanceor
theidenti cation of userstatesor theassessmemf mentaltaskdemandWe areawareof thepossible
relationbetweerdi erentuserstatesor levelsof taskdemandandchangesn facialexpressiorwhich
shouldhave correlatesn the motor cortex. However, the correspondingnuscularactvity is partly
capturedoy the frontal EEG electrodesandit remainsto beinvestigatedvhetherthis activity canbe
identi ed in the EEG of themotorcortex aswell.

Fewer datawererecordedwith a headbandin which we saved-infour Ag=AgCI electrodesvith
atip size of a few millimeters over the forehead(positionsFpl, Fp2, F7, F8) (see gure 5.2). A

Figure5.1: TheElectroCapM EEG-capusedfor the datacollectionconductedor this work.
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Figure5.2: Headbandor EEGrecording(left), electrodesttachedn the headbandt positionsFp1l,
Fp2,F7 andF8 (right).

disposableslectrodeat the back of the neckwas usedas groundelectrode. The adwantagesof the
headbandver the ElectroCap™ arethatit is more comfortableto wear and easierto attach,two
majorfactorsfor everydaylife applications Also, not electrodegel getsin contactwith the hair. Last
but not least,the positionandnumberof electrodesn the headbanaomparedo the ElectroCapM
provesto besu cientfor theidenti cation of userstatesandthe estimationof taskdemandn mary
casegseesections.1.8and6.2.9). Note however thateye-actvity andartifactsintroducedby facial
musclesaremostpronouncedn theforeheadEEGwhich is recordedusingthe headbandlt remains
to beinvestigatedvhetherthisinformationis helpful or detrimentafor the giventasks.

Electrodesat the positionsAl1 andA2 werechoserasreferencesgor bothrecordingdevices. For
theheadbandecordingseferencesvereplaceddirectly atthemastoidsfor the ElectroCapM record-
ings atthe earlobes. The signalsfrom both electrodesvere averagedbeforeampli cation (unipolar
recordingwith technicalreferenceseesection2.2.1.2). This electrodemontagehasthe advantages
thatthe signalsfrom all electrodesredirectly comparabléo eachotherandthat,in contrasto bipo-
lar recordingsthey representipproximationf the actualcortical actvity. Furthermoreelectrodes
at thesepositionsarenearlyindi erenttowardsphysiologicalprocessesd,e. they captureonly little
muscularartifacts,ECG and EEG from the temporalcortex. All referenceslectrodesverereusable
Ag=AJCI electrodes.

For signalampli cation anddigitization a VarioPorf™ ampli er [Becker, 2003]which 16 EEG
channelsvasused( gure 5.3). Table5.1 summarizeshetechnicalcharacteristicef theampli er.

Datacanbe transferrednstantaneousljrom the ampli er to a computervia an RS232port, so
thatonline processinganbe performed,f theamountof dataper unit of time doesnot exceedthe
serialport's maximalcapacityof 115200Bits persecond.This corresponds$o 28 electrodechannels
which canbe recordedsimultaneouslywhendatais recordedwith a samplingfrequeng of 256Hz.
This samplingfrequeng was usedfor all datacollectionsmadefor this work, althoughsampling
with a lower frequeng shouldbesu cientto avoid aliasingwhenconsideringhe ampli er's upper
cuto frequeng of 60Hz(seetable5.1). For technicalreasongheslopeof thebandpasslter imple-
mentedn theampli er is very smallhowever, sothatwe decidedo choosehis ratherhigh sampling
frequeng.

5.2 User StateData

Datafor thefollowing userstatesvasrecorded:
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Ampli cation factor 2775
InputRange 450 V

A/D corversion 12 Bit (4096steps)
Resolution 0,22V / Bit
Frequeng Range 0,9...60Hz

Table5.1: Technicalkharacteristicsf the Varioport™ EEGampli er usedfor datarecording.

Figure5.3: The VarioportM EEG ampli er. Left: the actualampli er, right: the recorderwhich
controlstheampli er, storesrecordeddataandestablishedhe connectiorto acomputer

Resting(R): Subjectavereaskedto relaxandnot to concentraten a particularissue. Eyeshadto
stayopenandmostsubjectgpreferredooking out of thewindow. Little to no backgroundhoise
waspresenturingtherestingperiods,eachlastingabout70 seconds.

Therequiremento keepeyesopenduring the restingperiod shouldmake surethatrestingis
notsimplyidenti ed by very pronounced -actvity in the EEGwhich canusuallybe obsered
only in arelaxed statewheneyesareclosed.Insteada typical restingperiodduring a meeting
or alectureshouldbe simulatedvhereeyesarenot necessarilglosed.

Listening to atalk (L): Subjectsweregiven a talk, mostly abouta medicaltopic, which contained
alot of factsto memorizeanddescriptionf comple processessothat extensve useof the
working memoryandvisualimaginationwasrequiredto beableto follow thetalk. Thisis very
commonfor talkswhereno additionalvisualinformationsupportinghe speechs available. To
malke surethatsubjectdistenedattentvely to thetalk, they wereaslkedto summarizets content
afterwards.

Perceving an audio-visual presentation(P): A shortpresentatioslidepresentatiomasgivenabout
ascienti ¢ topic with whichtherecordedsubjectwasnot familiar. Thusatleastmediumatten-
tion wasrequiredto be ableto understandhe presentationimagesandgraphicalexplanations
of factswerelargely usedto make surethattherewereauditoryand visual stimuli in contrast
to userstatelistening. After the presentatiorsubjectavereasledto summarizet with the help
of the slideswhich shouldguarante¢heir attentionduringthe presentation.

Readingan article (RE): An articlefrom a popularnens magazineof mediumlength(oneto three
pages)adto be read. Subjectswereallowed to selectan article which appearednteresting
to themout of alarge collection. This shouldmalke surethatthey rememberedhe article well
enoughto beableto summarizdt afterwards.

Summarizing the readarticle (RS): Directly afterreadingsubjectshadto summarizéhereadarti-
cle. To facilitatethis taskandto enablesubjectdo talk long enoughsothatenoughdatacould
be collectedthey wereallowedto look from time to time at thetext they hadreadbefore.
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Performing arithmetic operations(A): Arithmetic operationdiadto beperformedonasheebf pa-
per Dependingon the mathematicabackgroundf the subjectsdi erenttaskswereselected:
multiplications,divisions,summationsandsubtraction®f four digit numbersmatrix multipli-
cationsor the computatiorof simplederivativesandintegrals.

Not only the arithmetictask, but also the talk and the slide presentatiorwere adaptedto the
backgroundof the recordedsubject,so thatin all casesa reasonableamountof mentalresources
shouldberequiredfor taskexecution. This is important,sincein casef very low taskdemandthe
neuralcorrelateof di erentuserstatesnightbetooweak(seesection2.3.2). Mentaloverloadonthe
otherhandmight overwhelmthe recordedsubjectandthenleadto disengagemerdndthusagainto
weakEEG correlatesof the currentlyrecordeduserstate.

All userstateswere recordedconsecutiely. After eachstateor block of states(readingand
summarizatiorof the readarticle are consideredas block) therewas a restingperiod. The order
of theotheruserstatesvaschoserrandomlyin orderto avoid biasesn thedatadueto a x edorder

Whena classi cationfunctionis trained.,it is importantto avoid biasesdueto non-equabmount
of trainingdataper class(seealsosection4.5.1.5).This caneitherbe doneby balancingthetraining
datasothatfor eachclassapproximatelythe samenumberof sampleds availableor by introducing
weight factorsfor samplesof di erentclasseqsimilar to prior probabilities). Sincethe latter was
di cult to integratein the classi er implementationsisedfor this work, we decidedto balancethe
datathusacceptinghatsomedatahadto bediscarded.

As explainedaborve, the restingperiodslastedabout70 secondsonly, while for the otheruser
statesmuchmore dataper recordingsessiorwasacquired. Thereforethe datafor userstateresting
would bethelimiting factorfor amountof dataperclassafterbalancing.This problemwasovercome
atleastpartly by concatenatingor eachsessiorthe datafrom two restingperiodssothatatleast140
secondf datafrom userstaterestingwereavailable. Note that the durationof the restingperiods
could have beenincreasedaswell, or morethantwo restingperiodscould have beenconcatenated.
Subjectsreportedhowever thatis wasdi  cult to remainrelaxed for a longer periodthenabout70
secondgduring the experimentswhich excludesthe possibility of recordinglongerrestingperiods.
Concatenationf morethanonerestingperiodon the otherhandwould introducemorevariability in
the datafor userstaterestingonly, thus making the systembehae systematicallydi erentfor this
userstatecomparedo the others. For thesereasonsve chosethe compromiseo concatenatenly
two restingperiodsof 70 seconds$ength.

Datawas collectedfrom di erentsubjectsat di erentlocationsusing either the ElectroCagM
or the headbandAll subjectswvereuniversity studentsvhich volunteeredor the experiments.Sub-
jectswerenot paidfor their participation. In the remainderof this thesisthe following datasetsare
distinguishedor the userstatedata:

CMUSubjects: Six computersciencestudentgfour males,two females)between23 and 33 years
of agewererecordedat Carngyie Mellon Universityin Pittshurgh (USA). Noneof themwasa
native Englishspealer, but they all hadvery goodknowledgeof the Englishlanguage.8767
second®f datain total werecollected.In thefollowing identi ers (U1), :::, (U6) areusedto
referto therecordingsessiongrom the subjectsf this dataset.

UKASubjects: Threeuniversitystudentgtwo malespnefemale)with varyingacademidackgrounds
betweer23 and 26 yearsof agewererecordedat University of Karlsruhe(Germary). Oneof

IPreliminaryexperimentshave shavn that classi®catioraccuray increasesor userstateresting,whendatafrom more
thanonerestingperiod(from the samerecordingsession!)s containedn thetestandtraining set.
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themwas not a native Germanspealker. 9232 secondsof dataare available from this data
collection. The UKASubjects recordingsessionsare referredto usingthe identi ers (U7a),
(U7b), (UBa),(U8b)and(U9), wheretheletters'a' and'b' areusedto distinguishtheparticular
recordingsessionsvhenonesubjectwasrecordedwice.

HeadBandSubjects: 3267 second®f EEG datawith the headbandverecollectedat the University
of Karlsruhefrom two femaleuniversity studentswith 21 and23 yearsof age. Theidenti ers
(U10)and(U11)referto thetwo HeadBandSubjectsrecordingsessiongn thefollowing.

Note thatthe amountof datain secondgjivenfor thedi erentdatasetsincludesonly EEG data
recordedor oneof the six userstatesdescribedabore, i.e. only datawhich canactuallybe usedfor
subsequentrocessingDuring the explanationof therecordingprocedureandduringthetime which
subjectmneededo preparefor the next stateto berecordecho datawasacquired.

In total datafrom elevenrecordingswith the ElectroCapM andtwo recordingswith theheadband
areavailable. Table5.2 shavs for eachuserstatethe mean,the minimumandthe maximumamount
of dataover all theserecordingsessions.In gure 5.4 this informationis displayedseparatelyfor
eachfor thethreedatasetsCMUSubjects, UKASubjects andHeadBandSubijects Finally, in gure
5.5 eachrecordingsessions consideredseparatelyand mean,minimum and maximumdurationin
secondover all recordeduserstateds shavn.

Two interestingobserationscanbe madefrom table5.2and gures 5.4and5.5:

The meanvaluefor the staterestingis lowestof all userstates(seetable5.2 and gure 5.4),
which suggestshat the amountof datafor this userstatelimits the sizeof the usabletraining
datapersubjectn mary casessincetrainingsetsarebalancedIndeedt canbeseerfrom gure
5.5thatthe durationof the shortesuserstateis oftenaround140 secondgwhich corresponds
to the concatenatioof two restingperiodslastingabout70 seconds) Closerinspectionof the
datafromthedi erentrecordingsessionsevealsthattheuserstatewith this minimumduration
is mostly resting. Remembethat the amountof availabledatafor this userstatewasalready
enlagedby concatenatinghe datafrom two restingperiods. For the reasonsxplainedabore
no moredataareavailablefor thatuserstatehowever.

Furthermoreit is interestingto comparethe averagedurationsof a recordingsessionof the
three datasets: For the CMUSubjects datathe averagedurationis 1461 secondswhich is
signi catnly lessthanthe averagedurationfor the UKASubjects data(1846secondsandthe
HeadBandSubjectaata(1861seconds)Furthermorét canbeseenin gure 5.5thatthemean
amountof datafor oneuserstateis smallerfor the CMUSubjects recordingsessiongsessions
(U1), :::, (UB)) comparedo the otherrecordingsessiongexceptsessiongU9) and (U10)).
Whenlooking atthesinglestatesasigni cantdi erencdn durationcanbefoundfor thestates
perceving a presentatioffP) andsummarizinghereadarticle (RS).

As explanationfor thedi erencefor userstate(P) might be, thatfor both datasetspresenta-
tions were held by a natve Germanexperimenterwho talked Germanto the subjectswhich
wererecordedat Karlsruhe(UKASubjects and HeadBandSubjectsdatasets)and Englishto
the subjectswhich wererecordedat Pittshurgh (CMUSubjects dataset). Thusit is well pos-
sible, that the experimentemwas more brief in Englishthanin his native language(wherehe
naturallyknows betterto expresshimself),althoughfor the Englishpresentationexactly trans-
latedversionsof the Germanslideswereused.A reasorfor thedi erencen durationfor user
state(RS) could eitherbethatthe articlesreadby the subjectdn Pittshurgh (from the " TIME”
magazineyeresimply shorterthanthosereadby the subjectdn Karlsruhe(from themagazine
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| UserState | Mean | Minimum | Maximum |
(R) 145 143 149
(L) 264 169 388
(P) 360 238 495
(RE) 408 223 646
(RS) 206 124 345
(A) 252 139 496
Completesession|| 1636 1267 2132

Table5.2: Mean, minimumandmaximumamountof datain secondsver all recordingsessiongor
eachuserstate.In thelastline meanminimumandmaximumlengthof acompleterecordingsession
areshavn.
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Figure5.4: Meanamountfor datain secondgor eachuserstateoverall recordingsessionsf thethree
datasetsCMUSubijects, UKASubjects andHeadBandSubjects The shortestandlongestduration
of eachstateis depictedby thewhiskers.

"Der Spiggel”). Ontheotherhandit is possibleghatbecaus®f di erencesn stylein bothmag-
azinesarticlesin the"TIME” magazinecontainedessfactsto reportaboutthanthe articlesof
"Der Spiayel”.

5.3 TaskDemandData

Mentaltaskdemanddatawascollectedwhile a 15 to 20 minuteslong slide presentationvith varying
di culty levelswasgivento the recordedsubjects.During the presentatiorthe laptopscreen(slides
andmousepointer)andthevoiceof theexperimentegiving the presentatiomvererecordednavideo
tape.Directly afterthe presentatiotherecodedsubjectavereshavn thevideoandaskedto evaluate
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Figure5.5: Meandurationof oneuserstatefor eachrecordingsession.The durationof the shortest
andlongeststatefor eachsessioris depictedby thewhiskers.

their taskdemandover time which they experiencedduringtheinitial perceptiorof the presentation.
Thefollowing taskdemandevelscouldbechosen:

Low (L): It is possibleto follow the presentatiorwithout ary problemsandwithout larger mental
e ort. Everythingis understoodalsodetails.

Medium (M): Somementale ort is requiredto be ableto follow the presentationStill everything
is understoodpossiblyexcepta few details.

High (H): Almost all available mentalresourcesare requiredto be ableto keepup with the pre-
sentation. Details are mostly not understoodarymore, howvever the essencef the presented
contentis still clear Taskdemandevel high shouldalsobechosenif thetalk is not understood
arymore,but still all mentalresourcesremobilizedto try to understandt atleast.

Overlad (O): The presentations not understoodarymore,the subjectbecameoverwhelmedthen
disengage@ndmalkesnoe ortto gaintheplot again.

Thegoalfor thedesignof thepresentationg/asthatall taskdemandevelsareexperienceaqually
by therecordedsubjectduringtheir perception.Sincebackgroundknowledgeof the subjectsvaried
alot, it wasattemptedo adapttopicsandthe way of their presentationindividually for eachsubject
to reachthatgoal.

Marny subjectgeportedthatit wasverydi cult to estimatehe own taskdemandwhich they ex-
periencedduring the initial perceptionof the presentation Oftenthey haddi cultiesto distinguish
betweertheirtaskdemandluringthe presentatiomndduringits videoreplay andthey weretemped
to simply evaluatetheir currenttaskdemandwhile watchingthe video. Furthermorealmostall sub-
jectsreportedproblemsto nd the exacttransitionbetweertaskdemandevel high andoverload,i.e.
the statewherethey still tried to understandhe presentatiorbut they could not andthe statewhere
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they becameoverwhelmedandthereforedid not pay attentionarymore. The questionhow reliable
the subjects'self-estimatesf taskdemandare,is addressedt the endof this section.
Two di erenttaskdemanddatasetswererecordedatthe University of Karlsruhe:

ElectroCapSubjects: In total 7690secondsf taskdemandiatawererecordedisingtheElectroCagM.
Six university studentgthree males,three females)with varying academidbackgroundse-
tween23 and 26 yearsof agevolunteeredor that datacollection. Two subjectswere none-
natve Germanspeakrs. The recordingsessiongrom the di erentsubjectsof this datacol-

lection are referredto in the following usingthe identi ers (T1), :::, (T6). Onesubjectwas
recordedtwice; the correspondingecordingsessionsre thereforeidenti ed with (T3a) and
(T3b).

HeadBandSubjects: 1918 secondf taskdemanddatain total werecollectedfrom onemale uni-
versity student(28 yearsof age)and one female university student(21 yearsof age)using
the headbandBoth volunteeredor the datacollection,one subjectwasa non-natve German
speakr. Theserecordingsessionsireassignedheidenti ers (T7) and(T8).

Table5.3shavs mean minimumandmaximumdurationfor thedi erenttaskdemandevelsover
all recordingsessions.In gure 5.6 the durationof eachtask demandlevel, the meandurationof
onelevel andthe total durationof the whole presentations shavn for eachrecordingsession.Note
thatonetaskdemandevel could occurseveral timesduring the presentation.The durationsof the
particulartaskdemandevelsdisplayedn table5.3and gure 5.6resultfrom the concatenatiownf all
datasggmentscorrespondingo the sameevel.

Fromthe rst column of table 5.3 one can seethat the meandurationof 144 seconddor task
demandevel overloadis the shortesif all taskdemandevels. It is in the samerangeasthe mean
durationof the userstatefor whichin averagdeastdatais available,namelyrestingwith 145seconds
(seetable5.2). The minimumdurationsof thedi erenttaskdemandevels (secondcolumnof table
5.3) are however muchshorterthanthoseof the di erentuserstates(seetable5.2). This indicates
thatin generala balancedraining setfor taskdemandpredictioncontainslessdatathana balanced
training setfor userstateidenti cation. In gure 5.6 one canseethatindeedfor mary recording
sessiongnuchlessthan145secondof dataareavailablefor atleastonetaskdemandevel. Thisis
not the casefor the userstatedata,wherefor onestateat least124 secondsandin mostcaseseven
morewererecordedsee gure 5.5.

Notealsothelarge uctuationsof theavailabledatapertaskdemandevel for thedi erentrecord-
ing sessionsvhich canbe seenin gure 5.6. The goalfor the designof the presentationso make
subjectsexperienceeachtaskdemandevel equally could not be reached.This shaws, thatit is ex-
tremelydi cult to anticipatethee ectsof a presentatioron a listener evenif his or herbackground
knowledgeis well known. Preciselythis nding cansene asa hint, that EEG basedtaskdemand
assessmertanbe very usefulduring a presentationin orderto stayinformedaboutchangesn task
demandf theaudienceor to beableto analyzethee ectof theown talk later

It was mentionedaborve that mostsubjectsfound it very di cult to estimatetheir taskdemand
duringtheinitial perceptiorof the presentatiomgiventhevideoreplay Thereforewe wantedto nd
outhow reliabletheirestimatesre. Thiswasdoneby askingthefour subjectsecordedn thesessions
(T2), (T3b), (T4) and (T6) to repeatthe evaluationof their task demandusing the video a second
time. Theseseconcdevaluationstook placetwo to eightweeksaftertheinitial recordingsessionThe
reasornwhy the periodbetweerboth evaluationswaschoserto be su ciently long wasto avoid that
subjectssimply rememberedndreproducedheir decisionamadeduringthe rst evaluation.Instead
subjectswere asled to estimatethe task demandthey experiencedwhile watchingthe video, i.e.
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\ Taskdemandevel H Mean\ Minimum \ Maximum\

low 400 112 716
medium 289 15 600
high 265 118 626
overload 144 0 558
Total 1098 826 1431

Table5.3: Mean, minimumandmaximumamountof datain secondsver all recordingsessiongor
thedi erenttaskdemandevels.

800 -
O low
700 O medium .
I — | high
600 | _ M overload
(2]
T 500 1|
o
[&]
7]
° 400 —
GEJ ] -
i= 300 -
200 1
100 (]
0
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Mean 322 358 219 323 285 229 254 206 273
Total 1287 | 1431 876 1293 1140 916 1017 826 1092

Figure5.6: Amountof datain secondgor eachtaskdemandevel andeachrecordingsessionMean
andtotalamountof datafor the particularrecordingsessiongareshavn belowv the diagram.

while perceving the original presentatiora secondtime. Assumingthat the subjects'background
knowledgedid not changemuch betweenboth evaluationsandthatthe learninge ectafterthe rst
perceptiornf the presentationvassmallenoughto be ngglected the estimategrom both evaluations
shouldbe comparable(Accordingto the subjectshbothassumptionsvereful lled in all cases.)

Figure5.7 shawvs theresultsof both evaluationsfor all four subjects.Onecanseethatfor session
(T3b) the overlap of time segmentsbelongingto the sametaskdemandevel in both evaluationsis
relatively high, while thereis muchlessoverlapfor sessiongT2), (T4) and(T6).

From eachof both evaluationsanotherpartitioning of the data,i.e. anotherassignmenbof task
demandevels to datasegments,can be derived. Furthermorea third partitioning can be obtained
whenconsideringonly thosedatasegmentswhich have beenassignedhe sameaaskdemandevelsin
bothevaluations.In thefollowing theidenti ers Evall, Eval2 areusedto referto the partitioningsof
the dataaccordingto the rst or secondaskdemandevaluationand EvalCombined is usedto refer
to the combinationof both.
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Figure5.7: Comparisorof the rst evaluation(solid line) andthe secondevaluation(dashedine) of
thetaskdemandxperiencedluringthe presentatioffior recordingsession$T?2), (T3b), (T4) and(T6)

Table5.4 compareghe amountof datapertaskdemandevel which is availablefor thedi erent
partitionings. The percentagegivenfor eachtaskdemandevel of partitioningEvalCombined rep-
resentthe overlap of time seggmentsbelongingto this taskdemandevel in both evaluationsrelative
to the maximumamountof dataavailable for this taskdemandevel in one of both. They conrm
the ndings from gure 5.7 thatthe overlapbetweerboth evaluationsis largestfor recordingsession
(3b) comparedo sessiongT2), (T4) and(T6). Closerinspectionof the tableshavs thatat leastfor
taskdemandevel low the overlapis largerthan62% for sessiongT2), (T3b) and(T6) andfor task
demandevel overloadanoverlapof atleast71%for sessiongT3b) and(T4) wasreached.

Note furthermorethatthe reasorfor little overlapis in somecasedhatalmostall datasegments
belongingto onetaskdemandevel in one evaluationbelongto the sametaskdemandlevel in the
other evaluationbut not vice versa. An examplefor that is task demandlevel high of recording
session(T2) wherealmostall datasegmentsbelongingto thattaskdemandevel in the rst evaluation
belongto taskdemandevel high aswell in the secondevaluation. Onethe otherhandmuchmore
datasegmentswere classi ed to belongto high task demandin the secondevaluationthanin the
rst evaluation(see gure 5.7). (In sucha situationit canbe seenin table 5.4 that the amountof
datafor partitioningEvalCombined is not muchsmallerthe the minimumamountof dataavailable
for partitioningEvall or Eval2.) This nding suggestghat”core segments”belongingto onetask
demandevel werereliably identi ed atleastin oneevaluation,i.e. in thatevaluationwhereonly the
samedatasegmentsiverechoserto belongto a particulartaskdemandevel asin theotherevaluation.
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Evall Eval2 EvalCombined

Sessionf] W [ M [H O[O IMIMH]O[L MM [H [©
(T2) 657 | 600|174 O ||572|419|429| 0 | 484 246 156 0
(74%) | (41%) | (36%)
(T3b) || 345|596 | 210 | 142 | 291 | 583 | 278 | 131 || 290 524 206 131
(84%) | (88%) | (74%) | (92%)
(T4) 213| 51 | 318|558 70 | 169 | 185 | 707 || 67 25 115 504
(31%) | (15%) | (36%) | (71%)
(T6) 328|286 | 186 | 217 || 257 | 267 | 394 | 137 || 206 96 148 95

(62%) | (34%) | (38%) | (42%)

Table5.4: Comparisorof theamountof datain secondswvailablefor eachtaskdemandevel for data
partitioningsEvall, Eval2 andEvalCombinedfor recordingsession§T2), (T3b),(T4) and(T6). The
percentagegivenfor thelastcolumnsrelatetheamountof datapertaskdemandevel for partitioning
EvalCombined to the maximumamountof dataobtainedfrom one of the partitioningsEvall and
Eval2.

(In theabore examplethisis the rst evaluation.)

An interestingquestionrelatedto the overlappingsegmentsof the sametaskdemandevel which
arecontainedn the partitioning EvalCombined in generaljs whetherpredictionscanbe improved
whenthey areusedfor trainingandtestingonly. The underlyinghypothesisereis thattaskdemand
estimatesremorereliablefor thesesegments sincethey wereassignedhe sametaskdemandevel
in bothevaluations.This hypothesiss furtherinvestigatedn section6.2.8.

The generallypoor overlap indicates,howv di cult it is to subjectvely evaluatethe own task
demandluringtheperceptiorof apresentationThisagreesaswell with thecomment®f therecorded
subjects Thereforat would notbetoo surprisingf trainingandtestdatawerevery noisyandfeature
vectorsbelongingodi erenttaskdemandevelswerevery similar, sothatthepredictionof thecorrect
taskdemandevel becomesxtremelydi cult.



Chapter 6

Experiments and Results

A lot of experimentshave beenconductedn the collecteduserstateandtaskdemanddata,in order
to analyzetheimpactof thedi erentprocessingtepsonthewholesystenfor userstateidenti cation
and task demandestimationand to optimize the overall systemperformanceby con guring each
processingstepappropriately The resultsof theseexperimentsare reportedand discussedn this
chaptemusingthe performanceneasureitroducedn chapter.6.

6.1 User Stateldenti®cation

6.1.1 Experimental Setups

Severalexperimentaketupsaredistinguishedor the userstatedatain the following:

UD Userand sessiondependenixperiments: Data portions of the samerecordingsessionwere
usedfor training (80% of the whole session)testingand validation (each10% of the whole
session).All sessiongrom the CMUSubjectsdatacollection (recordingsessiongU1)-(U6))
were usedfor this type of experiments. Training setscomprisehere 668 secondsf datain
average validationsets84 secondsandthe testsets146 seconds.If notindicateddi erently
resultsreportedfor this setuparealwaysaveragesover the accuraciembtainedfor thetestsets
(or validationsets)of all recordingsessionsf this setup.

HB The sametype of experimentsasfor setupUD were conductedn the HeadBandSubjectslata
(recordingsessiongU10) and (U11)). The averagetraining setlengthis here 681 seconds,
the validation setlength 84 secondsand the test setlength 163 seconds. Also hereusually
averagesverthetestset(or validationset)resultsfrom bothrecordingsessionsirereportedn
thefollowing.

Ul Userindependengxperiments: For the CMUSubjects datacollection the systemwas trained
on datafrom ve recordingsessiongin average3338second®f training data)andtestedon
datafrom the remainingsessiorin a round-robinmanner For comparabilityof the resultsthe
sametestsetsasfor setupUD wereusedandresultsarereportedasaveragesver all recording
sessionss above. For validation 1082 secondof datafrom the sessiongU7a), (U8a) and
(U9) from the UKASubjects datacollectionwereavailable. If resultsfor a particularrecording
sessioraregivenfor this setupin thefollowing, thesessiomumberefersalwaysto thatsession
from which thetestdatais taken.
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S| Userdependenbut sessionindependenexperiments:For the subjectsfrom the UKASubjects
datasetwhich wererecordedtwice (recordingsessiongU7a), (U7b), (U8a) and (U8b)) the
systemwastrainedusing80% of thethedataof onesessior{in average672secondsandtested
on the 10% of the datarecordedfrom the samesubjectin the other session(in averagel198
seconds)Thustherearealwaysresultsfrom 4 testsetsavailablefor averagingin thefollowing.
Note that for this setupno good validation dataexists. For the early stoppingregularization
methodfor ANNs 10% of datafrom the training sessionsvere usedwhich bearsthe risk of
over tting howeveranddoesnotre ect thepropertiesof arealsessiorindependengéxperimen-
tal setup. For thesereasonsand sincethe datafrom the testsessiormustnot be touchedfor
validation (this comestoo closeto parametetuning on the testset), no crossvalidationwas
appliedto determinesystemparameterdor setupSl. Insteadparametervalueswere chosen
which aresomavherein-betweerthe parametergstimatedor setupdJD andUI following the
intuition thatpropertiesof setupSI arein-betweerthoseof the othertwo setups.

Note that the length of the di erentdatasetsin secondscorrespondgo the numberof feature
vectorsper dataset,sincefeaturesareextractedfrom two seconddong time windows which overlap
onesecondasexplainedin sectiord.2. Notefurthermorethatthefractionof datafor traininghasbeen
balancedhfterits extraction. Thatappliesto the validationset,too, however not for thetestsetwhich
doesnot have to be balancedor the reasonsexplainedin section4.6. This also explainswhy the
availableamountof datais di erentfor validationandtesting,evenwhenoriginally the samefraction
of datawasextractedfor both.

As describediborefor setupdJD andUl exactlythesametestsetswereused whichallows direct
comparisorof theresults.In contrasto thatthetestsetsfor setupsSI andHB arebothbasedn data
from otherrecordingsessionsThis hasto be takeninto accountwhencomparingtheresultsobtained
for thesesetupswith others. For this reasonaccuracie®btainedfor setupsUD and Ul areclearly
separatedrom thoseobtainedfor setupSI or setupHB in thefollowing sections.

6.1.2 ANN topology selection

Before ANN-basedclassi ers canbe trainedand usedto make predictions,their topology i.e. the
numberof hiddenlayersandthe numberof neuronsper hiddenlayer mustbe determined. If the
topologycannotbeinferredfrom a priori knowledge thisis usuallydoneusingcross-alidation. The
above describedvalidation setshowever are alreadyrequiredfor early stoppingregularization(see
section4.5.1.5). Thereforetraining, validation andtestdatafrom recordingsessiongU7a), (U8a)
and (U9) (the "validation sessions’of setupUl) wastaken to determinethe network topology for

setupUD. For setupUl additionaldatafrom the samesessionsvhich is however not containedn

the original validation setswas usedfor topology selection. (The original training setswere kept
here.)No topologyselectiorwasperformedfor setupSl, becausao appropriatevalidationdatawas
availablefor this setupasexplainedabore. SinceANNs with onehiddenlayer are suitablefor most
classi cation problemsin practice,cross-@alidationwasusedhereonly to determinethe numberof

hiddenunitsfor a network with a singlehiddenlayer.

Figure 6.1 shavs the accuracieobtainedfor the topology selectiondatasetsof setupUD and
setupUl for di erentnumbersof hiddenunits. One canseethatfor both setupsthe uctuations of
accuraciesrevery small. In particularthey aresmallerthanthe standardleviations(depictedby the
whiskers)over ve repetitionsof the sameexperiments.Note thatthesestandardieviationsaresstill
high (in particularfor setupUl), althoughfor eachof the ve experiments ve networksweretrained
with the samedataanda majority decisionover the predictionsof all networks was madeto obtain
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Figure6.1: Accuraciedfor di erentnumbersof hiddenneuronsobtainedon the topology selection

dataof setupdJD andUl. Thewhiskersshav the standardieviationsover verepetitionsof thesame
experiment.

a nal prediction.We concludethatthe problemof userstateidenti cation is insensitve towardsthe
numberof neuronsin the hiddenlayer, at leastfor the rangebetweenl4 and 26 neuronsexamined
here.Therefore20 neurondn the hiddenlayerwereusedfor the remainingexperimentswvith ANNs
ontheuserstatedata.

The insensitvity towardsthe numberof neuronsin the hiddenlayer might be an indicatorthat
thereis a comparatiely simpleseparatiorbetweerthe givenclassesn featurespaceperhapsvena
linearseparationMuch moreexperimentsoncerninghenetwork topologywould have to bedoneto
gaindeepeknowledgeaboutthe structureof the featurespacewhich is howevertootime consuming
to be within the scopeof this thesis. The hypothesighat thereexists a linear separatiorbetween
classesn featurespaces revisitedin the next sectionhowever wherethe ANN resultsarecompared
with resultsobtainedusinglinear SVMs.

6.1.3 Classi er comparison

In this sectionthe performancef ANNs andSVMs is comparedor the baselinecon guration of the
proposedsystem.This con gurationhasthefollowing characteristics:

no artifactremoval

no averagingover previousfeatures
normalizationwith methodGlobalNorm
no featurereduction

LinearSVMs or ANNs with 20 neuronsn onehiddenlayerandwith tanhasactivationfunction
for all unitsareusedfor classi cation. Toreducehe uctuationsof theANN results predictions
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arealways majority decisionsover ve networks. FurthermoreANN experimentsare always
repeated ve times. Thereforemeanvaluesand standarddeviations over all repetitionsare
reportedn thefollowing.

Table 6.1 shaws the resultsachiered by both classi ers for the baselinesystemfor setupsUD
Ul andSI. Onecanseethat ANNs performbetterthan SVMs for setupsUD and SI. A signi cant
di erencan resultscanonly be foundfor setupUD however. (For ANN experimentsonly themean
valuesoverthe verepeatedxperimentsareconsideredor thesigni cancetest.)For setupUl SVMs
performslightly but not signi cantly betterthanANNSs. Two conclusionsanbedravn from this:

1. It seemghatthegivenclassesanalmost(but not perfectly)belinearly separatedsinceresults
achievedwith thelinearSVM classi erarenottoomuch,but signi cantly, belov thoseachiered
with non-linearANNSs for setupUD. Onecanassumehatparticularlyfor thissetuptheobtained
resultsre ect the propertiesof the real separatiorbetweenthe di erentclassedest. For the
othersetupgesultsarelargely in uencedby thevariability in thetrainingdataandbetweerthe
trainingandtestdata.

2. OntheotherhandSVMs seemto be ableto copebetterwith exactly this variability which is
strongesfor setupsS| andUI. Here ANNSs arenot (signi cantly) betteranymorethanSVMs,
possiblybecaus&VMs have bettergeneralizatiomproperties.

Finally the standarddeviationsover repeatedxperimentsvith ANNs mustbe consideredvhich
arelargerfor thesetupsSl andUI thanfor setupUD. A reasorfor this could bethelargervariability
betweertraining, validationandtestdatafor the rst two setupsBecausef this variability it is more
likely, thatthe network con guration found during training correspond$o a positionin the testset
error function which is far away from a (local) minimum. Thereforesmalldi erencesn the found
weightcon gurationwhentrainingis repeatedseveraltimesmayleadto largedi erencesn thetest
seterror

Fluctuationsn resultsfor repetitionsof thesameexperimentmalkeit di  cultto comparghee ect
of di erentparametecon gurationson the overall systemperformanceFurthermordt canbecome
problematicfor practicalapplicationghat ANNs with early stoppingregularizationapproximatehe
actualerrorfor unseerdatausingthe training andvalidationsetonly. It may happerthatby coinci-
dencetheclassi cationperformancdor newly recordeddatais bad,just becausehis datadoesnot t
to theerrorapproximatiorwhich is biasedowardsthevalidationandtrainingset. Therisk for thatto
happeris particularlyhighwhenonly little (or little representate) validationdatais available,which
is unfortunatelyoftenthe casefor our experimentaketups.

For thesereasonsve decidedto useexclusively SVMs in the following experiments.It mustbe
keptin mind however, thatin somecaseseg.g. in a situationsimilar to setupUD whereANN results
uctuate little, they achiere possiblybetterresultsthanlinear SVMs. In practicesuchcaseswill
berarehowever. Furthermordat mustbe notedthatonly linear SVMs were usedin all experiments
in this work and non-linearSVMs would possiblyoutperformnon-linearANNSs in all casessince
they arealsoableto copewith non-linearseparationbetweendi erentclassesandthey have better
generalizatiorpropertieshanANNs ashypothesizedbove.

sincethey would addresdetterthe slightly non-linearseparatiorof thedi erentuserstates.The
useof non-linearSVMs requireshowvever extensve parametetuningwhich is very time consuming
andbeyondthe scopeof thiswork.

Figure 6.2 shavs the accuraciedor the particularuserstatesfor the setupsuD, Ul andSl. As
expected,resultsobtainedfor setupUD are generallybetterthanthoseobtainedfor the othertwo
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\ | ANN | SVM |
UD || 92.3%( 2:9%) | 89.7%
Ul || 37.6%( 5:7%) | 38.2%
SI [ 58.6%( 6:6%) | 56.8%

Table6.1: Accuraciedor di erentclassi ersandexperimentalsetups.The percentagem bracesn

the rst columnshaw the standarddeviationsover ve repetitions(training andtesting)of the same
ANN experiment. Thedisplayedaccuracieor ANN experimentsepresenthemeansvertheresults
fromthese verepetitions.
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Figure6.2: Resultsfor di erentuserstatedfor thedi erentexperimentalketups.The standardlevia-
tion over therecordingsessionsvhich belongto onesetupis depictedoy the whiskers.

setups Note howeverthatfor userstategesting(R), reading(RE) andthe summarizatiorof theread
article (RS) accuraciegor setupsSl andUD areapproximatelyin the samerange. This shavs that
thereseento be someuserstateswhich aredistinguishednorerobustly thanothers whenelectrode
positionsand mental thess of the recordedsubjectvary, which is inevitable acrosssessions.lt is
possiblethatnot only EEG but alsoeye movementsandthe activity of thefacialmusclesplay a role
for the discriminationof thesestates This hypothesisandotherphysiologicalreasongor this nding
remainto beinvestigated.

Note furthermorethe large standarddeviations over all recordingsessiongor the single tasks,
which areevenlarger whenthe meanaccurag over all recordingsessionss low. Figure6.3 givesa
possibleexplanationfor that: It canbeseen(in particularfor setupdJl andSI wheremeanaccuracies
arelow) thatfor eachtestsettherearedi erentstatesfor which the systemperformances goodor
bad.In otherwords,no commonsubset®f userstatedor all recordingsessionganbeidenti ed, for
which exclusively high or low accuraciegreachieved.

Finally it is interestingto analyzethe confusionmatricesobtainedin the experimentsfor the
di erentrecordingsetupg(seetable6.2) to gain somemoreinsightin the behaior of the classi er.
Notethatthe matricesfor unbalancedestsetsaredisplayedhere,which playshowvever aminor role
for thefollowing analysis(Theoverall performancef thebaselinesystems analyzedalreadyabove
in termsof averageaccuraciesvhich addresshe problemof anunequabmountof dataperclass see
sectiond.6.1.)
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setupdJD andUl) or recordingsessiongU7a),(U8a),(U7b) and(U8b) (for setupSl) respectiely.
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While for setupUD the largestentriesof the confusionmatrix arefound on the main diagonal,
this is not anymorethe casefor setupsUl and SI wheremoderatelyhigh valuesare spreadall over
the matrices. This is not surprisingwhenthe accuracieschieved for the di erentsetups(seetable
6.1) aretakeninto account.Userstatesvhich areconfusedarticularlyoftenfor setupdJl andSl are
analyzechow.

For both setupghe statedistening(L) andperceving a presentatiorfP) are often confusedwith
resting(R). A reasorfor thatcould be natural uctuationsin alertnessluringthe stateqL) and(P),
i.e. subjectscannot stayconstantlyalertfor several minuteswhile listeningto atalk or perceving a
presentationfFurthermorghebasicalertnessgevel duringstate(R) variesacrossubjectsandsessions.
Thereforat becomedik ely thatashortlapsein alertnessluringstateqL) or (P)is classi edasresting
(R) for setupsUl or SI, sincefor oneor moretraining sessionsecordedfrom subjectswith a high
basicalertnessevel, a similar actiity patterncouldhave beenobseredduring state(R).

Next, it canbe seenthatstate(L) is often confusedwith state(P) for setupsUl andSI andstate
(P) is oftenconfusedwith state(L) for setupSI andwith state(A) for setupUl. This canpossiblybe
explainedwith the fact that similar cortex regionsare activatedfor states(L), (P) and(A) (seealso
section2.3.1): All threestategequiretheunderstandingf symbols(letters,numberswhichinvolves
the parietalcortex. Furthermorestates(P) and (L) requirethe processingf speechandlanguage
which takes placesin the temporalcortex. Thereforepossiblyonly small di erencesn the EEG
betweenthe particularstatesexist, which arestill su cientfor their discriminationin caseof setup
UD, but notarnymorein caseof theothertwo setupgueto thevariability acrossessionandsubjects.

Finally thearithmeticsstate(A) is oftenconfusedvith reading(RE) for setupSI andthestate(RE)
is often confusedwith stateg(P) and(A) for setupUl. The sameexplanationasgiven beforemight
hold hereaswell, sincein all caseghe parietalcortex for the understandingf symbolsis strongly
involved.

6.1.4 Averaging

The rst attemptto improve the performanceof the baselinesystemwasto apply averagingover
the previous k featurevectors(seesection4.2.2). The optimal value of k was obtainedusing cross
validation. We considera value of k to be optimal here,whenimprovementsachiezed by increasing
it even moreremainsmall comparedo the improvementsobtainedbefore. The accuracien the
validationsetsfor di erentvaluesof k areshawvn in gure 6.4 for setupdUD andUI.

While for setupUD thereareno considerablémprovementdor k > 2 arymore,theaccurag for
setupUl improvesupto k = 4. Thereforethe following experimentswere continuedwith valuesof
Kopt = 2 for setupUD, with kot = 4 for setupUl andwith ko = 3 for setupSI. The valueof Kqp for
setupS| waschosenfollowing the reasoningrom section6.1.1that propertiesof this experimental
setuplie someavherein-betweenthosefor the othertwo setups. Table 6.3 compareghe baseline
results(k = 1) with thosewhich areobtainedwvhenaveragingover thekop: previousfeaturevectorsis
performedfor thetestdataof thedi erentexperimentaketupsin all casessigni cant improvements
for k = kopt areachieved comparedo the baselinesystem.

It is interestingthatdi erentvaluesof ko arefoundfor thedi erentsetups.This canpossibly
againbeexplainedwith thedi erentdegreeof noiseandvariability containedn thedataof thedi er
entsetups.Whenusingslackvariablesan SVM is ableto copewith a certainamountof variability
andnoisein the data. While for setupUD the SVMs have to copeonly with the naturaltemporal
uctuations of the EEG signal,for setupUl additionalvariability is introducedby theindividual dif-
ferencedn the EEG dataof the subjectdn the training set. Thereforethein uence of thetemporal
signal uctuations hasto bereducednorefor this setupwhich is doneby choosinga larger value of
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SetupuD
Prediction
RIL [P JRE]RS)] A
(R 72 | 4 0 1 1 0
(L) 9 |124| 8 1 4 0

Tamet | (P) 5 5 |151| 1 2 4
(RE)| 12 1 [ 21| 181 3 3
(RS)| O 1 0 5 79 2
(A) 0 0 1 0 1 |120
SetupUl
Prediction

R [WL) [P ](RE)](RS)] A
(R) || 37| 9 | 14| 10 4 4
L) || 49| 34| 33| 14 10 6
Taget| (P) | 45| 9 | 56 | 17 3 38
(RE)|| 23| 10 | 43| 53 16 | 76
(RS)| 3 6 | 16| 5 42 | 15
(A) 0 0 | 18| 23 3 78

SetupSl
Prediction
RIO[P[RE[R[A
(R) || 45| 7 0 0 0 0
(L) 44 | 24 | 17 8 7 7
Tamget| (P) || 53 | 55 | 42 | 14 4 1

RE)[ 1T [22] 0 | 141]| 2 | 31
RS)[ 03[ 1] 8 | 8 | 0
A 111 71] 2 |56

Table6.2: Confusionmatricedor thedi erentrecordingsetups.Thedisplayedmatricesepresenthe
sumover the confusionmatricesof all testsetsof onerecordingsetup.

k, i.e. by consideringa larger context. Thustheclassi er is ableto addres®thertypesof variability.
Whentheconsideredontet is too large however, achangeof userstatemight be detectedvith delay
only, sinceatthetime wherethe new userstatebgginstoo mary samplesf theold userstatearestill
takeninto account.

6.1.5 Normalization

Up two this point, all reportedresultswere obtainedusingthe baselinenormalizationrmethodGlob-
alNorm which performsmeansubtractionand variancenormalizationglobally for the whole data,
usingmeanandvarianceestimatefrom the completetraining set. As we have seenin the previous
sectionsthevariability betweersubjectsor sessiongor setupdJl andS| seemdo be detrimentako
theclassi cationresults.Onepossibilityto addresshatproblemwhichis investigatedn this section,
is to usenormalizationmethodUserNorm, wheremeansubtractionand variancenormalizationis
performedseparatelyor eachrecordingsessiorcontainedn thetraining, validationor testset. Fur
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Figure6.4: Validationsetaccuraciegor averagingover k featurevectorsfor di erentnumbersof k.
Theresultsfor setupUD aredepictedby thesolid line, theresultsfor setupUl by thedottedline.

| | k=1 [ K= kopt |
UD (kopt = 2) || 89.7%| 93.4%
Ul (kopt = 4) || 38.2%| 46.7%
Sl (kopt = 3) || 56.8% | 61.8%

Table 6.3: Comparisorof testsetresultsfor averagingover k = 1 (baselinesystem)andk = Kopt
previousfeatures.Thevalueof kyp: for eachsetupis givenin braces.

thermorethe hypothesighatrelationsbetweerdi erentfrequeng bandsmustbe presered for good
classi cationperformanceis examinedhereby usingnormalizationrmethodRelPower. (Seesection
4.2.3for amoredetaileddescriptionof thedi erentnormalizatiormethods.)

Table6.4shavs theresultswhichwereobtainedusingthedi erentnormalizatiormethods(Note
thatthe rst columnof table6.4 correspondso thelastcolumnof table6.3 sincethe optimalvalueof
k wasusedfor all experimentshere.) NormalizationmethodUserNorm seemdo be ableto reduce
variability for setupUl, wheresigni cant improvementsin resultscanbe achiazed comparedo the
baselinanethodGlobalNorm. Also for setupSI improvementsareobseredcomparedo thebaseline
whenusingmethodUserNorm which arehowever smallandnot signi cant. Closerinspectionof the
resultsfor the single recordingsession®f setupSl reveals,that only for session(U8a) accuracies
increasestrongly while they decreaseslightly for all others. The small decreaseén resultsfor the
applicationof normalizationmethodUserNorm comparedo methodGlobalNorm for setupUD is
notsigni cant aswell.

NormalizationmethodRelPower leads nally to a signi cant decreasén resultsfor all experi-
mentalsetups.Thatshavs thatpossiblythe informationaboutthe total powver of eachfeaturevector
whichis eliminatedusingthis normalizationmethod,is moreimportantfor classi cationthanthere-
lationsbetweerthefeaturevaluesof di erentfrequeng bandswhich arepresered correctlyonly by
this method.

6.1.6 Artifact Removal

ICA for the removal of eye actity artifactsdid not work well for our systemwhich is unexpected,
sinceit hasbeenappliedsuccessfullyfor this purposein otherresearchseesection4.1 for refer
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\ | GlobalNorm | UserNorm | RelPower |

ub 93.4% 93.1% 42.2%
ul 46.7% 58.9% 34.1%
Sl 61.8% 62.7% 25.9%

Table6.4: Accuraciedor di erentnormalizatiormethoddor thedi erentexperimentaketups.

ences).Only for experimentalsetupsUD and Sl eye actiity could beisolatedto onecomponenin
thetrainingdata(asshavn in gure 4.2in sectiond.1.2),while for setupUl it is usuallyspreadover
multiple componentsThereforegheproposegrocedurdor eye actiity removal from thedata(visual
inspectiornof theICsin thetrainingdataanrejectionof onecomponentontainingeye actvity) is not
applicablefor thatsetup.Also the rejectionof morethanonecomponents no alternatve here,since
it would remaove to muchactualEEG activity from thedata.

Themostlikely reasorthateye activity cannotbeisolatedproperlyfor setupUl, is thatthetrain-
ing datafor this setupdoesnot meetone necessargonditionfor the applicationof ICA: Although
only n electrodechannelsare available,the datais likely to be generatedy muchmorethann pro-
cessesSinceonecannotassumae statisticaldependencbetweerthe EEG of the ve subjectsn the
trainingset,thenumberof processesontrikuting to the probability densityfunctions(pdfs) relatedto
the concatenatedneasurementsf thedi erentelectrodechannelds approximatelybn in the worst
case.Thusit isimpossibleto estimaten ICs(i.e. their correspondingpdfs) suchthatonly oneprocess
contributesto eachlC (i.e. to eachpdf), andit is not very likely (althoughnotimpossible)thatonly
thoseprocessearesummarizedn onelCs by a standardCA algorithmwhich correspondo theeye
actvity of thedi erentsubjectsIn otherwords,anunmixingmatrix which s suitablefor the dataof
onesubject,would not t atall for the dataof anothersubject,sothatthe procedurdor ICA weight
estimationwhich takesthe datafrom all subjectdgnto accountcannot nd suitableweightsatall.

For the othertwo setupsthe identi cation of the componentcontainingthe eye actvity in the
training dataandits rejectionfrom the testandtraining datayields the testsetresultsshavn in table
6.5. While for setupUD the averageaccurayg increaseslightly but not signi cantly, the accurag
for setupSI evendecreasesA possiblereasorfor thesepoorresultscanbe seenin gure 6.5where
the unmixing matrix which had beenestimatedon the training dataof sessionU1) wasappliedto
determinethe ICs of the validation datafrom the samerecordingsession:The eye actvity is now
not anymoreisolatedto onecomponentput spreadover two componentsFurthermoreactualEEG
activity seemgo be presentiswell in bothICs containingeye actiity (morestronglyin the rst than
in thesecondone). Thusit becomeslearthattheremoval of oneor bothICs containingeye actiity
doesnot necessarilymprove theresultsandmay evenleadto a decreasef accuracies.

Notethattheresultsin table6.5wereobtainedoy rejectingonly thatcomponentvhich contained
all eye actiity in the training data. The rejectionof both componentgontainingeye actiity in the
validationdatawasattemptedaswell, which led to strongdecreasem resultshowever.

We concludethatICA weightswhich areestimatednthetrainingdatado notgeneralizevell for
unseerdata,evenin caseof setupUD wheretheunseerdatais takenfrom the samerecordingsession
asthetrainingdata.

Althoughthe generalizatiorperformancef the usedICA algorithmis olviously not very good,
we wantedto nd out whetherthereare neverthelesssomeprocessesvhich are detrimentalto the
classi cation accurag and which can be reliably identi ed in the ICs computedfor unseendata.
Thereforecross-alidationwasappliedto determinethosecomponentsvhoserejectionyieldsin the
largestimprovementsof resultsfor setupUD. (Remembetthat for setupSI no validation setwas
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\ | noICA | ICA |
UD [| 93.4% | 94.1%
Sl || 62.7% | 56.8%

Table6.5: Comparisorof resultsachiared withoutandwith ICA-basedeye activity removal from the
datafor setup2JD andSl. All resultsareobtainedwith theoptimalsystencon gurationfor averaging
andnormalization.
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Figure6.5: ICs of thevalidationdatafor recordingsession(U1) obtainedwith ICA weightsestimated
on the training datafrom the samesession.It canbe seenthatthe rst andthe secondcomponent
containeye-actvity andatleastthe rst componentontainsalsoEEG actity.

available,sothatfor this setupcross-alidationwasnot applicable.)

Table 6.6 compareghe resultsobtainedwithout artifact removal, to thoseobtainedusing cross-
validationor visualinspectionof the ICs computedor thetrainingdatato nd thecomponentso be
rejected.Thecross-alidationmethodyieldsslightly betterresultsthanthe visualinspectionrmethod.
Furthermoreesultsobtainedwith thecross-alidationmethodaresigni cantly betterthanthebaseline
resultswhereno ICs areremoved. However it canbe seenthatthe componentselectedor removal
by the cross-alidationmethodare completelydi erentfrom thoseselectedoy the visualinspection
methodandthey do not containeye actwity in ary case.

We concludethattherearepossiblyprocessewnhich aredetrimentato the classi cationaccurag
and which can be isolatedon unseendatausing ICA weightsestimatedon training data. Cross-
validation canbe usedto identify theseprocesseshowever future work hasto nd out moreabout
their propertiesandtheir origin. Furthermorethervariantsof ICA or completelydi erentalgorithms
for successfukye actvity removal in our datahave to be investigatedin the future. Only if eye
activity canberejectedreliably from unseerdata,it will be possibleto saywhetherit is detrimental
to classi cationaccuracie®r not.
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| Session|| noICA || vis. inspection|| crossvalidation ||

(U1) 864% || 1] 92.1% | 3 | 92.3%
(U2) 93.2% || - | 932% || 9 | 94.2%
(U3) 95.7% || 3| 935% || 8 | 97.1%
(U4) 97.6% | 2| 97.8% || 12| 97.6%
(U5) 92.8% || 3| 92.4% || 10| 93.8%
(U6) 947% || 5| 955% | 16| 94.7%
Total | 93.4% 94.1% 94.9%

Table6.6: Comparisorof resultsfor thedi erentrecordingsession®btainedwithout ICA to those
obtainedusing ICA andvisual inspectionof the training dataor cross-alidationto nd the compo-
nentsto berejected.Left of theresultsfor a particularmethodthe numberof thecomponentvhichis
rejectedfor eachrecordingsessioris shavn. A dashdenoteghatno componenhasbeenrejected.

6.1.7 Feature Reduction

Two potentialfeaturereductionmethodswhich areapplicablefor classi cation problemswere pre-
sentedn sectiord.3: Averagingover adjacenfrequeng bandgreferredto asFreqgArg methodin this
section)andlineardiscriminantanalysiLDA).

Figure6.6shavsthevalidationsetaccuracie$or setupdJD andUl whenadjacenfeaturesareput
togetherin binsof sizeb, i.e. whenaveragingover b adjacenfrequeng bandsis performed.In both
caseqo signi cant increasean resultscanbe obsered for ary value of b, but resultsremainstable
with increasingpin sizefor awhile. For setupUD resultsstartto decreasdor with bin sizeof about
12 which correspondso atotal featurevectordimensionalityof 128 features.(Notethatthe original
featurevectordimensionalitywas 1440.) For setupUl resultsdecreasalreadyfor b = 7 wherein
total 208 featuresareused.A veryinterestingobserationis thatresultsdecreasenly moderatelyup
to b = 45 for both setups.In this caseonly two featuresper electrodeareconsiderecarymore: the
averagepower for the lower frequencieg1-22 Hz) andthe higherfrequencieg23-45Hz). Only for
b = 90 (onefeatureper electrodexesultsdrop strongly This supportsthe hypothesidfrom section
2.3.1thatfor eachelectrodenformationaboutthe total power in the lower frequeng range(around
the -band)andin thehigherfrequeng range(aroundthe40Hz -actiity) issu cientto distinguish
di erentuserstates.

As explainedin section4.3.2,LDA coe cientscanonly be estimatedvhenenoughdatais avail-
able,sinceotherwisethe eigewvalue problemto solwe is ill-conditioned. ThereforeLDA canonly be
appliedfor setupUl here.Figure6.7 shawvs the validationsetaccuraciegor LDA-baseddimension-
ality reductionto di erentfeaturevectorsizes.

For LDA-basedfeaturereductionaccuraciestartto drop alreadyfor larger featurevectorsizes
comparedo the FreqA/g method.Furthermordt canbe seenthatfor thelattertheaccurag for setup
Ul is still largerthan50%whenonly two featuresper electrodeareconsidered32 featuresn total),
while the accurag for LDA-basedfeaturereductionto the samenumberof featuress signi cantly
lower. Closerinspectionof the featuresselectedby LDA for this featurevector size revealsthat
preferablyvery low frequeng bandsareselectedespeciallythe bands0 - 0.5Hzand0.5- 1Hz (see
table 6.8) andthat acrosstraining setsthereis a strongoverlap betweenthe selectedfeatures. As
explainedin section2.3.1thesdow frequenciecorrespondo DC potentialswhich arerelatedto the
processingf sensorynputs. They areusuallypertubedvith sweatingandelectrodeartifactshowever
andthereforeattenuatedy the ampli ers. Nonetheles$ DA seemso be ableto extract valuable
informationfrom thesefeatures A reasorthatLDA performsworsethanthe FregA/g methodmight
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Figure6.6: Validationsetaccuraciegor setupsUD (solid line) and Ul (dashedine) for featurere-
ductionwith the FregArg methodusingdi erentbin sizes. Note the non-equidistanscaleof the

X-axis.
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| Setup|| Nofeat.reduction| ~ LDA | FreqA/g |
ubD 93.4% - 93.0%(144,b = 10)
ul 58.9% 57.5%(300) | 53.1%(288,b = 5)
S 62.7% - 62.5%(205,b = 7)

Table6.7: Resultsfor featurereductionon the testdatafor the di erentexperimentalsetupsusing
LDA andthe FreqArg methodcomparedo thebaselingesultsobtainedwithout featurereduction.A

dashindicateghatno resultsareavailablefor a particularcase.The numberof featuregandthevalue
of b whereapplicable)aredisplayedin braces.For bettercomparabilityno ICA wasusedfor setup
UD althoughthis might improve resultsslightly. All resultsare obtainedwith the optimal system
con gurationfor averagingandnormalizationdeterminedn the previous sections.

bethatLDA imposesa linear separatiorbetweerthe classeswhich seemaot to betrue completely
althoughlinear SVMs achiere comparatiely goodclassi cationresults(seealsosection6.1.3).

Onecommonreasorfor the applicationof featurereductionis thatthe eliminationof featuresn-
troducingonly noisein thedatamightleadto betteroverall results.From gures 6.6and6.7 it canbe
seenthatfeaturereductioncannotimprove resultshere. A possibleexplanationis thatthe classi er
itself is well ableto copewith noise,becausdt selectsa separatiorbetweerthe classesvherenoisy
featuresplay a minorrole. Anotheradwantageof featurevectordimensionalityreductionis however
thatstatisticalmodelscanbe estimatednorereliably, evenwhenonly little datais available. Further
morelessmemoryis requiredto storelearnedmodelsandtrainingandclassi cationproceduresnay
speedup alot whenthe numberof usedfeatureds reduced.

For thesereasonst is interestingvhethera featurevectordimensionalitycanbe determinedrom
the validation setresults,so that resultsremainstablebut the numberof featuress reducedsigni -
cantlyfor unseerdata. We decidedhereto make conserative choicesfor the reducedeaturevector
dimensionalitiesi,e. they werechosersu ciently largerthenthosedimensionalitiesvherevalidation
setresultsstartto drop. Thusit shouldbe morelikely to obtainstabletestsetresults.

Table 6.7 compareghe test set resultsfor both featurereductionmethods(the featurevector
dimensionalityhasbeendeterminedrom the validation dataas describedabove) with the baseline
whereno featurereductionis performed.All resultsdropslightly (but not signi cantly) comparedo
the baseline however it canstill be saidthatthey remainstable. The only exceptionarethe results
obtainedwith featurereductionmethodFreqAvg for setupUl, wherea signi cant decreasén results
is obsered. Possiblythe choiceof b = 5 from the validationdatawasnot conserative enoughj.e.
possiblythe validationdatadoesnotre ect the propertiesof thetestsetwell enoughin this case.
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by LDA-basedfeaturereductionto 32 featuresfor the di erent
training setsof setupUI. The sessionnumbersidentify the test
setsto which thetraining setsbelongon which ICA weightswere
calculated.The numbersn the restof the tableindicatethe start
frequeny of thefrequenyg bandswith 0.5Hzwidth.

VTt



6.1 User Stateldenti cation 115

| Setup]| |
ub 93.4%
uD* || 70.8%
HB 66.2%

Table6.9: Accuraciesfor setupUD setupUD* andsetupHB for the discriminationof all six user
states.

6.1.8 Electrode Reduction

As explainedin section5.1 the headbandor EEG recordingusesonly four electrodesat the pre-
frontal andfrontal positionsFpl, Fp2, F7 andF8. In this sectionresultsare presentedvhich were
obtainedwith the headbandr with the ElectroCap™ whenonly datafrom thesefour electrodess
consideredFurthermoresubset®of userstatesareidenti ed which canbe discriminatedparticularly
well usingthefour pre-frontalandfrontal electrode®nly.

Table 6.9 compareghe resultsfor setupUD obtainedwith all 16 electrodesith thoseobtained
usingthe four pre-frontaland frontal electrodesof the ElectroCapMonly (This setupis henceforth
referredto as UD%.) andwith the resultsobtainedfor setupHB. In all casesthe optimal system
con gurationfor averagingandnormalizatiorwhich hasbeenfoundin the previoussectiondor setup
UD wasused.No ICA andcomponentejectionwasappliedhowever, sincethe numberof processes
capturedy thefour frontal electrodechannelseemso bemuchlargerthanfour. In thelCsestimated
for four electrodechannelsonly, one canseethatdi erentprocessesuchas eye activity are not
isolatedto singlecomponentst all. The sameexplanationswvhich have beengivenfor thefailure of
ICA applicationfor setupUI (seesection6.1.6)seemto hold here,too.

It is not surprisingthatresultsdropsigni cantly whenonly four pre-frontalandfrontal electrodes
insteadof all 16 electrodesreused.Neverthelesshesefour electrodeseemto besu cientto dis-
criminateuserstateomparatiely well, althoughduringmostuserstatesortex areasareparticularly
active which arenot locatedat a pre-frontalor frontal cortex lobeatall: During userstatedistening,
perceving a presentatiormndsummarizatiorof a readarticle high activity shouldbe obsered espe-
cially in temporalcortex regionswhich areresponsiblgor the processingdf speechandlanguage.
Furthermoreduring userstatesreading,arithmeticsand perceving a presentatiorthe parietalcortex
wherethe understandingf symbolstakesplaceis particularlyactive.

The mostlikely explanationfor the comparatiely large di erencein resultsbetweenthe se-
tupsUD* and HB wherethe sameelectrodepositionsare used,is thatdi erentsubjectshave been
recordedin both casesandresultsusually uctuate acrosssubjects. The signalsrecordedwith the
headbandeemto be at leastof comparableor even of betterquality thanthoserecordedwith the
ElectroCapM, sincethe contactbetweerthe skin andthe headbanalectrodess muchbettercom-
paredto the ElectroCapM electrodes.

Next it mustbe analyzedwhetherthereare subsetsof userstateswhich can be discriminated
particularly well whenusing only the four pre-frontaland frontal electrodes.For this purposethe
confusionmatricesobtainedfor the validationsetsof setupsHB andUD* areexamined(table6.10).
Interestinglythe pairsof statesfor which mary confusionsareproduceddi er oftenacrossthe two
setupswhich indicatesthatthe informationaboutuserstatesvhich canbe capturedrom the frontal
corte is atleastpartly subjectdependentNeverthelessomesubset®f userstatescanbeidenti ed
for whichsu ciently little confusionsaremadefor bothsetups:

1. Resting(R), listeningto atalk (L), readingandarticle (RE), summarizatiorof the readarticle



6.1 User Stateldenti cation 116

SetupHB
Prediction
R [ L) | (P)| (RE)| (RS)] (A) | Accuray
RYJ 8] 0] 7] 5] 0 5] 330%
Ol 2220 0 | 0 | 1] 872%
Tamget| (P) || 1 | O | 10| 2 8 | 4 | 40.4%
(RE)[ O 0] 0| 22| 0 | 3| 881%
RS 1| 1] 2] 0 | 21| 0| 83.7%
A |6 0] 6| 4 | 2 | 7| 285%
SetupuD*
Prediction
R ML [P ]| RE)] (RS)] (A | Accuray
Ry [28]14] 7 | 8 8 | 3 | 40.5%
O 2584 3 | 0 | 2| 8.8%
Taget| P) |[ 2 | 9 | 45| 5 | 3 | 4 | 68.7%
RE)| 3 | 8|0 41| 8 | 8 | 56.1%
(RS)|| O 5 0 2 58 3 83.9%
A |3 8] 9| 13| 1 | 34| 524%

Table6.10: Confusionmatricesfor the validationsetsof setupsHB andsetupUD* for the discrimi-
nationof all six userstates.The matricesrepresenthe sumover the confusionmatricesobtainedfor
all validationsetsof a particularsetup.In thelastcolumnstheclassi cationaccurag for eachstateis
shawn.

(RS)
2. Perceving a presentatioriP), listeningto atalk (L), readinganarticle (RE)

Notethatfor thestatesn the rst subsetittle confusiondbetweerall of themcanonly beobsered
for setupHB, while for setupuD* exampledor thestateresting(R) arecomparatiely oftenclassi ed
to belongto anotherstate. Neverthelessve includedrestingin at leastonesubsebf reducedstates,
sincewe considetthis stateto beimportantfor practicalapplications.

Table6.11 compareghe resultsfor setupsHB, UD* and UD obtainedfor the discriminationof
all six userstateswith thosewhich are achiezed whenonly the userstatesfrom the two subsetsare
takeninto account.Sincein eachcaseadi erentnumberof stateds consideredresultsaredisplayed
in termsof the normalizedexpectedoss(seesectiond.6) to make themcomparable.

For both userstatesubsetghe normalizedexpectedossimprovesfor the setupswhich usefour
electrodechannelonly. For the secondsubseimprovementsareeven signi cant. This leadsto the
conclusionthattherearesubset®f userstatesvhich canbediscriminatedarticularlywell with only
four pre-frontalandfrontal electrodesNeverthelesghe bestresultsarestill achieved whenusingall
16 electrodesThis is not very surprising,sincethe largestpart of the neuralprocesseselatedto the
di erentuserstatesdo nottake placein the pre-frontalor frontal cortex asexplainedabore.

6.1.9 Analysisof BestSystemCon guration

Table6.12shavs parameteror thebestsystemcon gurationsfor setupdUD, Sl andUI whichwere
determinedn theprevioussections Theimprovementdor eachsetupachieredby usingtheseoptimal
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| Setup]| allstates | (R), (L), (RE),(RS) | (P),(L), (RE) |
UD [ 0.07(93.4%) 0.11(92.4%) 0.08(94.6%)
UD* || 0.35(70.8%) 0.33(75.2%) 0.24(84.0%)
HB || 0.41(66.2%) 0.31(77.0%) 0.17(88.6%)

Table6.11: Meannormalizedexpectedossesandmeanaccuraciesin bracesYor thedi erentsetsof
userstatesover all recordingsessionf setupdJD, UD* andHB.

Averaging
(valueof Normalization Artif act Feature
Setup Kopt) method Remaoal Reduction
ICA using
cross-
uD Kopt = 2 GlobalNorm | validation none
for
component
rejection
Ul Kopt = 4 UserNorm none none
Si Kopt = 3 UserNorm none none

Table6.12: Parametersf thebestcon guration of eachprocessingtepfor setupdJD, Sl andUI

parameterfor eachprocessingteparedisplayedn table6.13.

For all setupgesultsimprove considerablywhenaveragingover thekop: previous featurevectors
is performed.Only for setupUl largeimprovementsareobseredaswell whennormalizatiormethod
UserNorm insteadof the baselinemethodGlobalNorm is used.As areasorfor that nding, it was
suggestedn section6.1.5, that the variability in the dataof this setup,which is larger compared
to the otherto setups,canbe reducedby this normalizationmethod. ICA basedartifact removal
could nally beappliedwith succes®nly to the dataof setupUD becausef the badgeneralization
propertiesveight matricesestimatedyy the Infomaxalgorithm. Note however thatin contrastto our
originalintentionno eye activity but otherpotentiallyartifactualprocessewererejectedwith thehelp
of ICA.

For the bestsystemcon guration the resultsfor setupUl and Sl do notdi er much,while for
thebaselinesystenmuchbetterresultsfor setupSicouldbeachiezed. Intuitively onewould consider
problemof userstateclassi cationacrossessiongrom the samesubject(setupSl) to bemucheasier
thanuserstateclassi cationacrosssubjectgsetupUl). It mustbenotedhoweverthatabout vetimes
lesstraining datawas availablefor setupSl comparedo setupUl which might explain thatonly a
smalldi erencein resultsbetweerboth setupsremains after unwantedvariability betweersubjects
hasbeenremovedfrom the datausingnormalization.

Closeranalysiof theresultsfor di erentrecordingsessionsinddi erentuserstategerrecording
sessiorreveals,thatthey all improve without exceptionwhencomparingthe baselineresultsto those
obtainedwith the bestsystemcon guration for setupsUD and Ul. This is not the casefor setup
SlI, wherethe classi cationaccurayg increasestronglyfor recordingsession(U8a), but it decreases
for the otherthreerecordingsessionsvhen normalizationmethodUserNorm is appliedinsteadof
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Setup|| Baseline Averaging Normalization| Artifact
Removal
93.4% 94.9%
uD 87.9% abs = 5:5% - abs = 1:5%
rel = 45% rel = 23%
46.7% 58.9%
Ul 38.2% abs = 8:5% abs = 122% -
rel = 14% rel = 23%
61.8% 62.7%
Sl 56.8% abs = 5:0% abs = 0:9% -
rel = 12% rel = 2%

Table6.13: Accuraciesabsolutd ,s) andrelative improvementy ) afteroptimizingeachparam-
etersystemparameteof thebaselinesystermappropriatelffor setupdJD, Ul andSlI. A dashindicates
thatnoimprovementscouldbe achiered by changingthe baselinecon guration of the corresponding
processingtep.

the baselinemethodGlobalNorm. If the baselinenormalizationmethodis usedfor all recording
sessionsf this setuphowever, alsohereimprovementdor eachsessiorandalmosteachuserstateare
obsenred. Only for userstaterestingthe accurag obtainedwith the bestsystemdecreaseby 1% in
averageover all sessiongomparedo thebaselinesystem.

Thelargestabsolutéamprovementsareobseredfor setupUl. Thereforat is interestingo analyze
for this setupwhetherthe systems weakpointscouldbeimprovedwhenthebestsystencon guration
is used.For this purposewe considerthe confusionmatricesof the baselinesystem the bestsystem
andthedi erencebetweerboth,whichareshavn in table6.14.

In particularthe analysisof thedi erencematrix is interesting. Positive entriesin the main di-
agonaldenoteaccurag improvements. Entriesat other positionsare positve whenthe numberof
confusionsincreasedn the bestsystemcomparedto the baselinesystemand negative otherwise.
Sinceit wasmentionedabove thataccuraciesmproved for all userstatesfor the bestsystemiit is
not surprisingthat positive entriesin the di erencematrix are found mostly but not exclusively on
the main diagonal. It is notavorthy however that examplesof userstateperceving a presentation
(P) are confused26 times more with the summarizatiorof a readarticle (RS) for the bestsystem
con gurationcomparedo thebaselinecon guration. No simpleexplanationcanbe providedfor that

nding. Probablymuchdeepeunderstandin@f the neuralprocesseselatedto thesetwo userstates
andcloseranalyse®f thee ectsof normalizationandaveragingon the dataarerequired,to be able
to give aplausiblereasorfor the strongincreasenf confusionshere.

In thebaselinesystenthefollowing userstatesvereconfusedarticularlyoftenfor setupUl (see
alsosection6.1.3): (L) and(P)with (R), (L) with (P), (P) with (A) and(RE) with (P)and(A). In the
bestsystemthe numberof almostall thesekinds of confusiondecreasedlearly only the numberof
confusionf state(L) with state(R) remainecconstantly

We concludethatweaknessesf thebaselinesystemcouldbe eliminatedatleastpartly in the best
system.It mustbe notedhowever thatalsothe bestsystemconfuseghe abore mentionedstatesstill
relatively often.
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SetupUl, baselinecon guration
Prediction

R [ML) [P ](RE)]RS)] A
(R) || 37| 9 | 14| 10 4 4
(L) || 49| 34| 33| 14 10 6
Taget| (P) | 45| 9 | 56 | 17 3 38
(RE)|| 23| 10 | 43| 53 16 | 76
(RS)| 3 6 | 16| 5 42 | 15
(A) 0 0 | 18| 23 3 78

SetupUl, bestcon guration

Prediction
R [WL) [P ](RE)]RS)] A
(R) || 44|16 | 10| 5 3 0
(L) | 49|65 25| O 4 3
Tamet| (P) | 31|14 | 77| 10 | 29 | 7
(RE)| 34 15[ 29| 100 | 11 | 32
(RS)| 4 | 0| 4 3 73 3
(A) 0| 0| 8 14 8 92

Di erencebetweerbestandbaselinecon gurationfor setupUl
Prediction
RO [P [ROTR[A
R [7[7]-4] 5] -17]-4
(L) 0 |31|-8|-14| 6 | -3
Tamget| (P) |[-14] 5 | 21| -7 | 26 |-31
(RE)|| 11| 5 [-14| 47 | 5 | -44
RS)| 1 ]-6]-12] -2 | 31 [-12
A || 0] 0 [-10] -9 5 | 14

Table6.14: Confusionmatricesof the baselinesystem the bestsystemandthe di erencebetween
bothfor setupUl.

6.1.10 Prototype System

To shav the feasibility of userstateclassi cationin real time andto be ableto get animmediate
respons®f the systemwhendatais recordedunderdi erentconditionsa prototypesystemhasbeen
developed( gure 6.8).

Thework ow of the systemcanbe describedasfollows: Firstraw EEG datais acquiredwith the
headbandndthe ampli er which aredescribedn section5.1. Thena Pentiumlll 800MHz laptop
is usedfor dataprocessingDatais receved by the computervia the serialRS232port usinga C++-
baseddataacquisitiontool which hasbeendevelopedat University of Karlsruhe.Thenpreprocessing
andclassi cationareperformedwith aMATLAB ™ implementatiorof the correspondinglgorithms
(which is partly basedon standardtool boxes). Finally a hypothesisfor the currentuser stateis
displayedby the dataacquisitiontool. Note thatfor technicalreasonsANNSs insteadof SVMs are
usedasclassi ersin the prototypesystem.

EEG is recordedcontinuouslyand every ve secondsa new userstatehypothesisis produced
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Iimiznin

Figure6.8: The prototypesystemfor userstateidenti cation. In the upperleft cornerof the monitor
the recordedEEG signalsaredisplayed the hypothesidor the currentuserstatecanbe seenin the
upperright corner The spectrogramor theelectrodes$-pl,Fp2F7 andF8 areshavn atthe bottom.

usingthe datasegmentacquiredduring the last ve seconds.From eachdatasegment ve feature
vectorsare extractedand classi ed using the methodsdescribedn section4. Thus ve userstate
hypothesesre producedper sggmentandthe nal hypothesigo be displayedis determinedusing
a majority decision. Preprocessin@gndclassi cationfor ve secondof datatakes muchlessthan
onesecondsothatrealtime processings easily possible.Currentlythe prototypesystemis ableto
distinguishthe userstategesting,reading listeningto atalk andtalking.

The prototypesystemperformsbestwhentrainingandtestingis performedn onesessiorwhich
is not surprisingwhencomparingthe resultsfor setupdJD andSI from the previous sections.Thus,
to obtainan optimal systemperformancetraining mustbe performeddirectly beforethe systemis
actuallyusedandthe headbandnustnot be moved or evenpulledo andput on againin-between.
About 100 secondf training materialfor eachuserstatearesu cientto obtainalreadyvery good
classi cationresults. Whentraining datafrom other sessionghanthe testsessioris used,system
performanceancreasewith the numberof sessiondrom which training datais taken. Evenwhen
training and test sessionare the same,the use of additionaltraining materialfrom other sessions
seemdo have apositive e ectin mary cases.

The userstatesreadingand resting are recognizedvery robustly acrosssessions.Not even a
carefulelectrodeplacementis requiredto obtaina good classi cation performancdor thesestates,
but theuserwho s recordedccaneasilyput on the headbandhimself. For the recognitionof userstate
listeningthe prototypesystemis lessrobustacrosssessionsThis con rms the ndings from section
6.1.3wherefor userstatesrestingandreadingmuchbetterclassi cation accuraciegcrosssessions
(i.e. for setupSl) werereportecdthanfor userstatelistening.

6.2 Assessmenbf Mental Task Demand

6.2.1 Data Analysisusing SOMs

Initial experimentson the taskdemanddatashaved thatit is muchmoredi cult to distinguishthe
four taskdemandevelslow, medium,high andoverloadthandi erentuserstateslin table6.15clas-
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| Session|| Low | Medium | High | Overload | Average| Norm. expt. loss |

(T1) || 62%| 27% | 100% - 63% 0.56
(T2) |[44% | 39% | 100% - 61% 0.59
(T3a) || 90% | 0% | 40% | 88% 53% 0.72
(T4) || 75% | 100% | 10% | 0% 46% 0.61

Table6.15: Accuraciedor eachtaskdemandevel obtainedn aninitial subjectandsessiordependent
experimentfor recordingsessiongT1), (T2), (T3a)and(T4). Linear multiclassSVMs wereusedas
classi ershere,for averaginga value of k = 2 was chosenand normalizationwas performedwith
methodGlobalNorm. A dashat a certainpositionindicatesthat no datafor thattaskdemandevel
from the correspondingecordingsessiorwasavailable.

si cation accuracie$or thediscriminationof thetaskdemandevelslow, medium,high andoverload
areshawn for recordingsessiongT1), (T2), (T3a)and(T4). An experimentalsetupsimilar to setup
UD for the userstatedatawasusedto obtaintheseresults:Classi cationwasperformedwith linear
multiclassSVMs, for averaginga valueof k = 2 waschoserandnormalizatiormethodGlobalNorm
wasapplied.

Theobtainedaccuraciesreall above the chanceaccurag of 25%, however far belowv theresults
which wereobtainedor setupUDfor the discriminationof six userstatesFurthermoret canbeseen
from table 6.15 that for eachrecordingsessiorthereare no morethantwo taskdemandevels for
which the accuraciesre clearly abore chance. Closerinspectionof the confusionmatricesfor the
sinlgerecordingsessiongeveals,thatthe examplesfor taskdemandevels with low accuraciesre
mostlyclassi edto belongto onetaskdemandevel with a higheraccurag.

Also whenusingANNSs for classi cationor theregressiornversionsof SVMs or ANNSs resultscan
not beimproved. This leadsto the hypotheseshateitherthe neuralcorrelateof taskdemandwhich
canbe measuredn the EEG aretoo weakto be usedfor the predictionof taskdemandor thatthe
tamgetvaluesfor theavailabledataaretoo unreliable.Especiallythelatterhypothesiseemsplausible,
sincethe tamgetswere obtainedfrom subjectve task demandevaluationsby the recordedsubjects,
andsubjectausuallyfoundit very di cult to identify the exacttransitionbetweertwo levels of task
demandseesection5.3). This hypothesids supportedven morewhenconsideringhe pooroverlap
betweentime segmentscorrespondindo the sametaskdemandevel for two subjectve evaluations
of onerecording(seetable5.4).

To nd outwhetherthereis atleastsomestructurein the datadespitethepotentiallybadquality of
thereferences,e. to nd outwhetherthereareatleasttwo or threetaskdemandevelswhich canbe
reliably discriminated SOMsweretrainedto gaininsightaboutthe spatialrelationsof the available
featurevectors. Only if all featurevectorsbelongingto di erenttaskdemandevelsaresu ciently
far awvay from eachother thetraining of classi cationor regressionfunctionsfor the discrimination
of thesetaskdemandevels malkessense.

Figure6.9shavsthe SOMsfor recordingsessiongT1), (T2), (T3a)and(T4). After SOMtraining,
the BMUs of the examplesbelongingto di erenttaskdemandevels wereindicatedin the mapas
dotsof di erentcolors. The sizeof the dotsis proportionalto the numberof examplesof onetask
demandevel sharingthesameBMU. To malke thegeneratiorof the SOMscomputationallytractable,
averagingover ve adjacenfrequenyg bandswas performedwhich shouldnot be too detrimentalto
theresultsaccordingo theexperienceawith theuserstatedata(seesection6.1.7).(In section6.2.7it is
con rmed thatalsoresultsfor thetaskdemanddataremainstable evenwhenaveragingis performed
overupto 45 adjacenfeatures.)
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The BMUs for taskdemandevel mediumoverlap eitherwith thosefor taskdemandevel high
(in caseof session(T2)), with thosefor taskdemandevel low (in caseof session(T4)) or evenwith
the BMUs for taskdemandevel high andlow (in caseof sessiongT1) and(T3a)). This agreeswith
theabove hypothesighateitherthe EEG actiity relatedto mediumtaskdemands notverydi erent
from the actiity relatedto low or hightaskdemandpr thatsubjectsveresimply notableto nd the
exacttransitionsbetweermediumtaskdemandandthe othertaskdemandevels. Sincein table6.15
thelowestaccuraciesrereportedalsofor taskdemandevel medium,we decidedto excludeit from
furtherexperiments.

Only for two of thefour consideredecordingsessiongsessiongT3a)and(T4)) exampledor task
demandevel overloadareavailable,andit canbeseerfrom gure 6.9thattheircorrespondin®dMUs
almostdo not overlapwith the BMUs of othertaskdemandevels. For sessior(T4) however no clear
separatiofbetweerthe BMUs for the examplesof taskdemandevelshigh andoverloadcanbeseen,
which suggestbadgeneralizatiorperformancdor unseertdata. To analyzethe relationbetweerthe
threeremainingtaskdemandevelslow, high andoverloadin greaterdetail, SOMsfor sessiongT3a)
and(T4) weretrainedwith examplesfor thesetaskdemandevelsonly (see gure 6.10). Now some
overlap betweenthe BMUs for examplesof task demandevels high and overload canbe seenfor
session(T3a), while for session(T4) thereis still no overlap but also no clear separatiorbetween
the BMUs of examplesof bothtaskdemandevels. The nding for sessionT3a) thatoverloadand
high taskdemandare only separatedvell in the SOM trainedon all data( gure 6.9) suggeststhat
thefeaturevectorsof bothtwo taskdemandevelsbelongto separatelustersvhicharehowever very
closetogether As a consequencef thatfor unseerdatageneralizatiormight be bad. Furthermore
it canbe found for the initial experimentsdescribedabove that either mary confusionswere made
betweenhigh taskdemandandoverload(in caseof sessionT3a)) or that examplesof taskdemand
level overloadwereexclusively classi edto belongto otherarbitrarytaskdemandevels (in casefor
session(T4)). For thesereasonslsoexamplesof taskdemandevel overloadwereexcludedfrom the
following experiments.

Figure6.11shavs nally the SOMsfor thefour recordingsessionsvhich aretrainedonly onthe
exampledor theremainingtaskdemandevelslow andhigh. Exceptfor sessior{T1), onecanseethat
examplesfor low andhigh taskdemandchave mostlyto non-overlappingBMUs which areseparated
clearlyin the SOMs. This indicatesthatalsofor unseerdatathe predictionof thesetwo taskdemand
levels shouldwork well. The overlappingBMUs of bothtaskdemandevelsfor session(T1) suggest
thatthe variancebetweerfeaturevectorsfor di erenttaskdemandevelsis smallerthanthevariance
within the group for featurevectorsbelongingto one task demandlevel. Note however that this
doesnecessarilymply badclassi cationresults,sinceit is possiblethatalsosmallchange®f some
featurevalueshave alarge predictive power. Thusthis nding is only anindicatorthatgeneralization
performancdor unseerdatamight be bad.

For all SOMspresentedhere,the BMUs weredeterminedor the exampleswhich were usedfor
trainingonly, sincethegoalfor usingSOMswasto gaininsightinto the structureof theavailabledata
in generalandnotto testthegeneralizatioperformancef a SOM-basedlassi cationalgorithm.To
examinewhetherour hypothesisoncerninghe goodseparabilityof featurevectorsfor taskdemand
levelslow andhigh canalsobegeneralizedor unseerdata,experimentswith thesamesetupasabore
wereconducedntestdata,wherethesetwo taskdemandevelsonly werediscriminated Theresults
areshavn in table6.16.

'Notethatfor the above decisiongo rejectthe datafrom taskdemandevels mediumandoverloadfor thefollowing ex-
perimentsnotonly overlappingor badlyseparate@®MUs for thedi erentexamplesn the SOMswereusedasjusti®cation,
but alsoactualclassi®catioraccuraciesrom theinitial experimentsvereconsideredThisis alsodonehere(seetable6.16)
to justify thedecisionthatlow andhigh taskdemandcanbe separatedvell.
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Session(T3a) Session(T4)

Figure6.10: SOMsfor recordingsession$T3a)and(T4) trainedon datafrom taskdemandevelslow
(reddots),high (blue dots)andoverload(greendots)only. Thesizeof eachdotis proportionalto the
numberof exampleshaving their BMU at the positionof thecorrespondingiot.

| Session| Low | High | Average| Norm. exp. loss |

(T1) || 88% | 100%| 94% 0.12
(T2) || 72% | 100%| 86% 0.28
(T3a) || 100% | 100%| 100% 0
(T4) | 100%| 133%| 87% 0.58

Table6.16: Accuraciedor thediscriminationof taskdemandevelslow andhigh obtainedn aninitial
experimentwith a userandsessiordependensetupfor recordingsessiongT1), (T2), (T3a)and(T4).

Comparedo theresultsobtainedor thediscriminationof all four taskdemandevels(table6.15),
the normalizedexpectediossimprovesfor all recordingsessions(Improvementsareclearly signif-
icant.) Two interestingobsenationscanbe madewhencomparingthe SOMsfrom gure 6.11and
the resultsfrom table 6.16: For sessionT1) very goodclassi cationresultsare achiered, although
the SOM for the datafor this sessiorthis sessiorsuggestshe contrary Thusis seemghatthereare
really somefeaturedor which smallchange®f their valueshave high discriminatve power. Second
asurprisinglylow accurag is achiezedfor recordingsessior(T4), in particularfor taskdemandevel
high. Onereasonfor this might be that no suitablelinear separatiorcould be found betweenthe
examplesof bothtaskdemandevels, althoughsomeseparatiorseemdo exist which is suggestedy
thestructureof the SOM. Ontheotherhandit is possiblethatthe dataof this recordingsessions too
noisy sothatthetrainedclassi er doesnotgeneralizevell for thetestdatahere.

Fromthe ndings in this sectionwe concludethatthe discriminationof taskdemandevels low
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andhigh seemdo work relatively well. Thereforeonly thesetwo taskdemandevelswereconsidered
in the experimentgpresentedh thefollowing sections.

6.2.2 Experimental Setups

Theexperimentaketupdor thetaskdemandiataarevery similar to thosewhich weredistinguished
for the userstatedata. Thereforethe samenamesdfor similar setupssetupsare usedhereto male it
easierto remembetheir characteristicsEachsetupis now describedrie y below:

UD Userandsessiordependenexperiments:Di erentdataportionsof the samerecordingsession
wereextractedfor training (80% of thewhole session)testingandvalidation(each10%of the
whole session).RecordingsessiongT1), (T2), (T3b) and(T4) from the ElectroCapSubjects
datacollectionwere usedfor this setupandresultsare always reportedas averagesover the
testor validationsetaccuraciegor all thesesessionsf notindicateddi erently Trainingsets
comprisein average247 second®f data,validationsets31 secondsndtestsets64 seconds.

HB The sametype of experimentsasfor setupUD wasconductedn the HeadBandSubjectsdata
(recordingsessiongT7) and(T8)). The averagesize of the training setsis here314 seconds,
the averagevalidationsetsize 39 secondsandthe averagetestsetsize 86 seconds.Also here
reportedresultsareaverageover the accuracie®btainedfor the validationor testsetsof both
recordingsessions.

Ul Userindependengxperiments:For recordingsessiongT1), (T2), (T3b)and(T4) from the Elec-
troCapSubjectsdatathe systemwas trainedin a round-robinmanneron a subsetof three
recordingsessiongin average740 secondof data)andtestedon the remainingsession.For
comparabilityof the resultsthe sametestsetsasin setupUD wereusedandresultswereaver-
agedin the sameway. For validation229 second®f datafrom the sessiong§T5) and(T6) from
the ElectroCapSubjectsdatacollectionwereavailable.

S| Userdependenbut sessionindependengxperiments:Only for onesubjecttaskdemanddatawas
collectedtwice (recordingsessiongT3a)and(T3b)). For thisdata,experimentsacrossessions
wereconductedi.e. trainingwasperformedon 80% of the dataof onesessior(in average257
second®f data),testingon 10% of the othersession(in average48 secondf data)andvice
versa. Resultsarereportedas averagesover the accuraciegrom bothtestsets. As in caseof
the userstatedata,no datawasavailablefor validationhere,which re ects the propertiesof a
sessiorindependengxperimentalketup.For early stoppingregularization10% of non-training
datafrom thetraining sessionsvasused(in average32 seconds).In all othercaseplausible
guessefor systemparametersveremadebasedn the estimatedor setupdJD andUI.

Notethatalsofor thetaskdemandiatathelengthof thedi erentdatasetsin second€orresponds
to the numberof featurevectorsper dataset,sincefor eachseconda new featurevectoris available,
asexplainedin sectiond.2. Notefurthermorethatdatasetsfor trainingandvalidationwerebalanced
aftertheir extractionfrom thedi erentrecordingsessiongasin caseof the userstatedata),so that
the percentagegivenabove do notrepresentheir fraction of all availabledata. For the testdatathis
is notthe casewhich alsoexplainsthedi erencebetweerntheavailabletestandvalidationdata,even
whenthe sameamountof datahadbeenextractedfor bothprior to balancing.

Similarly to the userstatedata(seesection6.1.1),the testsetsfor setupsdUD andUI areexactly
thesamewhile thetestsetsfor theothertwo setupsarebasedndi erentrecordingsessionskor this
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reasoraccuracie®btainedfor setupdJD andUI areclearly separatedrom the accuracie®btained
for the othersetupdn all following tablesin the sameway asis hasbeendonefor the userstatedata.

6.2.3 ANN topology selection

As explainedin section6.1.2for the userstatedata,ANN topologyselectionhadto be performedas
well for thetaskdemandiata,beforeANNs canbetrainedandusedfor taskdemandprediction.Also
hereexclusively networks with one hiddenlayer are usedso thatonly the numberof neuronsin the
hiddenlayerremaingo bedetermined.

For setupUD this is doneusingthe datafrom recordingsessiongT5) and(T6) (the validation
datasessiongor setupUl). For setupUl networks aretrainedon the original training dataandearly
stoppingregularizationis performedusingthe original validationdata. As topology sectiontestset
dataportionsfrom recordingsessiongT5) and (T6) are usedwhich are disjoint with the original
validationdata.No datais availableto performtopologyselectiorfor setupSl. Thereforehenetwork
topologyfor this setupwasguessedhasedn theresultsobtainedor the othertwo setups.

Figure6.12 shavs the accuraciegor di erentnumbersof neuronsin the hiddenlayer obtained
with regressionand classi cation ANNSs for setupsUD and Ul. Accuraciesrepresentlways aver-
agesover ve repetitionsof the sameexperiment. The standardieviationsover theserepetitionsare
depictedby the whiskersin the gure. From the predictionsof regressionANNs accuraciesvere
obtainedusingequatiord.71.

Severalobserationscanbe madein gure 6.12. For bothexperimentalsetupsegressionANNS
performslightly betterthanclassi cationANNs, howeverdi erencesn resultsarein mostcasesery
small(exceptwhenlessthan8 hiddenunitsareusedn caseof setupUD) andoftenwithin thestandard
deviations over the repeatedexperiments. Thusthe hypothesisfrom section4.5 thatdi erenttask
demandevelsarepredictedbetterwhenusingaregressiorfunctioninsteadf aclassi cationfunction
(sincethe rst methodexploits the informationcontainedn the ordinal scalingof the di erenttask
demandevels)is supportednly slightly by that nding. Furthermorecloserinspectiornof theresults
for particularrecordingsessionsevealsthat uctuations acrosssubjectsarelargerwhenaregression
ANN insteadof aclassi cationANN is used.

For setupUD theclassi cationresultsincreasavhenincreasinghe numberof hiddenunitsup to
14, while regressiorresultsseento bemostlyinsensitve towardsthe numberof hiddenunits. There-
fore in thefollowing ANN experimentsusingsetupUD 18 hiddenunits were usedfor classi cation
ANNs and14 hiddenunitsfor regressiorANNS.

For setupUl it canbe seenthat resultsare only slightly above chanceaccurag. Thereforeit
hasto beinvestigatedn the following, whetherit is generallypossibleto predicttaskdemandacross
subjectsandif thisis the casewhetherANNs areapplicablefor this task.Besideghatit canbeseen
thatresultsfor classi cationandregressioPANNS areinsensitve towardsthe numberof hiddenunits.
Thereforel4 hiddenunitswereusedfor both methodsn the following experimentsusingsetupUl.
Also for setupSI 14 hiddenunitswereusedfor all ANN experiments.

6.2.4 Comparisonof Prediction Methods

In this sectionthe performanceof theregressiorandclassi cationversionsof SVMs andANNs are
comparedor thefollowing baselinesystemcon guration:

no artifactremoval

no averagingover featurevectors
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Figure 6.12: Resultsobtainedon the topology selectiontest setswhenusingdi erenthnumbersof
hiddenunitsfor classi cation(solid lines)andregressiondottedlines) ANNSs for setupUD andUI.
Thewhiskersdepictthe standardieviationsover ve repetitionsof the sameexperiment.

normalizationwith methodGlobalNorm
no featurereduction

Linear SVMs or ANNs with onehiddenlayerwereusedfor classi cationandregression.For
thenumberof hiddenANN unitsthevaluesdeterminedn theprevioussectionwerechosen.To
reducethe uctuationsof the ANN results predictionsverecomputedusingmajority decisions
(in caseof classi cation)or averaging(in caseof regression)ver the outputsof ve networks
trainedandtestedon the samedata.

Table 6.17 shawvs the resultsfor the di erentclassi cation andregressionrmethodsandthe dif-
ferentexperimentalsetups.Fromthe predictionsof thetrainedregressiorfunctions,accuraciesvere
derived here(andfor all otherexperimentswith regressiommethodseportedn the remaindeof this
work) usingequation4.71. For ANNs the sameexperiment(i.e. training andtesting)wasalways
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[ Setup]] SVM®S | SYMT™®9™SS [ ANNCES | ANNTEOESS |

UD 81% 79% | 78%( 7%) | 71%( 3%)
ul 72% 74% | 70%( 3%) | 69%( 3%)
S 66% 73% | 53%( 5%) | 66%( 5%)

Table 6.17: Resultsfor the di erentclassi cation and regressionmethodsfor all experimentalse-
tups. The gures in bracesre ect the averagestandarddeviationsover ve repetitionsof the same
experimentdn caseof ANNSs.

repeated ve timesin orderto be ableto analyzethe uctuationsin theresults.Thereforeaccuracies
obtainedwith ANNSs arealwaysreportedasmeansoverthese verepetitionsandstandardieviations
aregivenaswell.

Note that OLS-regressionfor task demandpredictionis not applicablefor the baselinesystem,
sincetrainingdatais sparseandfeaturevectordimensionalityhigh, sothatthe problemof estimating
theregressiorcoe cientsbecomedl-conditioned.This predictionmethodcanonly beusedwhenthe
featurevectordimensionalityhasbeenreducedsigni cantly before. Thereforeresultsobtainedwith
OLS-rggressiorarereportedn section6.2.7,wheredi erentfeaturereductionmethodsareexamined
andfor the bestperformingmethodan optimalfeaturevectordimensionalityis selected.

It canbe seenfrom table 6.17 that (in contrastto the userstatedata,seesection6.1.3) SVMs
perform betterthe correspondingANNs for all experimentalsetups,aswell for the estimationof
regressiorfunctionsandclassi cationfunctions.In mostcasesthedi erencesn resultsarenot sig-
ni cant however. Forthesamereasonsvhich arealreadymentionedn section6.1.3for theuserstate
data(risk of extraordinarylow accuracie$or unseerdatajust by coincidencedi cult comparability
of resultsbecaus®f uctuations),all following experimentsvereconductedisingSVMs. It should
be keptin mind however that ANNs seemto be anapplicablemethodfor taskdemandestimationas
well.

Note that ANNSs resultsfor setupUl are muchbetterthanexpectedwhencomparingthemwith
theaccuraciesbtainedon thetopologyselectiontestsetswhichwereonly slightly above chancegsee
section6.2.3). Thereasorfor thatmight be thatthe validationdatacoincidentallycontainsrecording
sessiongor which the estimationof taskdemanddoesnot work well. Furthermordt is interesting
to obsenre thatclassi cation ANNs performbetterthanregressionANNS for setupdJD andUI here
in contrastto the ndings from section6.2.3. The di erencesare however not signi cant which
suggestghat classi cation and regressionANNSs are possiblyequally suitablefor the predictionof
taskdemandat leastwhenonly two taskdemandevelsareconsidered.

Also no big di erencesn resultsbetweenthe classi cation and regressionvariantsof SVMs
canbe obsered. Only for setupUl the regressionSVMs producesigni cantly betterresultsat the
10%level thanclassi cationSVMs, while in no caseSVM-basedtlassi cationperformssigni cantly
betterthanSVM-basedegression.

Forall following experimentgheregressiorversionof SVMswasused.Thisdecisiornis motivated
by theintuition thatfor the predictionof anordinally scaledvariablesuchastaskdemandegression
methodsare moresuitable. Although no bene ts of their applicationcomparedo the applicationof
classi cation methodscanbe seenwhenonly two taskdemandevels are distinguishedyegression
methodsmight outperformclassi cationmethodsvhena larger numberof taskdemandevels must
be predicted.In thatcaseit makesmoresenseo exploit informationaboutthe order of thedi erent
taskdemandevels,whichis exactly whatmethoddor the estimationof regressiorfunctionsdo.



6.2 Assessmenbf Mental Task Demand 130

In gure 6.13the predictionsof the learnedregressionfunctionsare comparedwith the target
valuesfor low taskdemandtamgetvaluesl) andhightaskdemandtametvalue?2). Theclassi cation
accuraciesvhich canbe derived from thesepredictionsareshavn in gure 6.14for eachrecording
sessiorandeachexperimentaketup.

Therelationbetweertheregressiorfunctionpredictiong gure 6.13)andthe classi cationaccu-
raciesderived from thesepredictiong( gure 6.14)is now discussedeparatelyor eachexperimental
setup.

For setupUD it canbe seerthatthe predictionsfor sessior(T3a) matchthetargetsvery well and
thatthey shaw little variability. Thisresultsin a classi cationaccurag of 100%for this sessionFor
sessiongT1) and(T2) muchmorevariabilty in the predictionscanbe obsered. However predictions
which belongto examplesfor high taskdemandhave in averagehighervaluesthanthosebeloning
to examplesfor low task demand. The valuesof the latter are generallymuch higher than their
tamgetvalues.Thee ectof bothobserationson classi cationaccuraciess, thatthe performancdor
high taskdemandis much betterthanthe performancedor low taskdemandfor both sessions.All
predictionsfor the testdataof session(T4) are approximatelyon the samelevel. It caneasilybe
seenthatthosebelongingto examplesof high taskdemandaremuchtoo low in orderto producethe
correctclassi cation. Note however thereis a slight tendeng of thesepredictionsto be higherthan
the predictedvaluesfor examplesfor low taskdemand.

For experimentalsetupUl it is interestingto obsere thatfor sessiongT2) and(T4) betterclas-
si cation accuraciesareachieved comparedo setupUD. That meanghat datarecordedirom other
subjectsis bettersuitedto predictthe taskdemandfor thesetwo sessionsthandatawhich is taken
from thesesessionshemseles. Thevariability of predictionss large for setupUl, too. In particular
for session{T1) it surprisingthatclassi cationaccuracieslearlyabove chanceareachiered, although
predictionsseemalmostrandomlyspreadoetweerthetargetvaluesfor low andhigh taskdemandln
generalresultsfor setupUl aremuchbetterthanexpectedaccordingto the experiencemadefor the
userstatedata(seesection6.1.3).

Whencomparingthe predictionsfor recordingsessior(T3a)for setupdJD andSl, it canbeseen
thatthepredictedvaluescontainmuchmorevariability whenanotherecordingsessiorfrom thesame
subjectis usedfor training. Neverthelesgpredictionsbelongingto examplesfor low taskdemandare
su ciently low, andthosefor high taskdemandaresu ciently high alsofor setupSl, so that still
good classi cation accuraciesare obtained. For session(T3b) a similar obseration asfor session
(T4) in caseof setupUD canbe made: The predictionsfor examplesfor high taskdemandstaytoo
closeto thetargetvaluefor low taskdemandsothatonly the chanceclassi cationaccurag of 50%
is obtained sinceall examplesareclassi edaslow taskdemand.

Table6.18 nally shaws for eachrecordingsessiorand eachexperimentalsetupsomestatistical
measuregvhicharesuitablefor theevaluationof regressiorfunctions(seesectiord.6.2)togethemwith
theaverageclassi cationaccurag for comparison.

It can be seenthat high valuesfor ry, andlow valuesof the squarederror do not necessarily
imply good classi cation accuracies.The main reasonfor this seemsto be, that despitethe large
variability of the predictionsin mary casesthe predictedvaluesarestill closerto their targetvalue
thanto the tamet value of the othertask demandlevel, so that good classi cation accuraciesare
obtained. In our casethat meansthat predictionsfor examplesfor low or high taskdemandwhich
areonly slightly belav or above 1.5 may leadto goodclassi cationaccuracieswhile they produce
high squarecerrorsandlow correlationcoe cients. Furthermoret is interestingto obsere the (in
mostcases)argely positive o setsof the linear regressionfunctions. This shawvs that taskdemand
predictionsaregenerallyhigherthanthey shouldbe,whatcanalsobeseenin gure 6.13,in particular
for theexampledfor low taskdemand.
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Figure6.13: Predictionsof thelearnedregressiorfunctionson testdata(dots)comparedheir targets
(solid line) for all recordingsessiongndall experimentalsetups.The tamget valuefor taskdemand
level low is 1, for taskdemandevel highit is 2.
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andall experimentalsetups.
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SetupuD
| Session| ru, | SEup | reg. fctn | av. accurag |
(T1) [ 0.62] 032 |t=048p+083| 89%
(T2) | 0.68| 0.37 | t= 0:40p+ 1.06 | 79%
(T3a) 0.98| 0.13 | t=0:77p+ 0:32 100%
(T4) 0.24| 056 | t= 0:10p+ 116 48%

SetupUl
| Session| ru, | SEu | reg. fctn | av. accurag |
(T1) [ 0.43] 0.44 | t=020p+123| 70%
(T2) | 0.70| 0.31 | t=057p+ 053 |  91%
(T3a) | 0.71| 0.51 | t=059p+ 1.02 |  60%
(T4) | 055| 1.12 | t= 107p 062 75%

SetupSl
| Session|| ru, | SEuw | reg. fctn | av. accuray |
(T3a) | 0.71] 0.35 | t=0:38p+ 098 |  96%
(T3b) | 0.65| 0.53 | t=021p+ 0:86 |  50%

Table6.18: Correlationcoe cientr,, andsquarecderror(SE,p) for unbalancediatasetsandlinearre-
gressiorfunctionsbetweertamgets(t) andpredictiongp)obtainedfor thedi erentrecordingsessions
anddi erentexperimentalsetups.In thelastcolumnthe averageclassi cationaccuraciesreshovn
for comparison.

We concludethatfor all experimentalsetupsSVM-basedegressiorfunction estimationfor task
demandoredictionworkscomparatiely well, althoughsinglerecordingsessiongxist wherenomore
thanchanceaccuray is achieved (session(T4) for setupUD andsessionT3b) for setupSl). This
indicatesthattherearedatasetsfor which taskdemandcannot be predictedwell with our methods,
atleastfor the baselinesystemcon guration. Next it is importantto remarkthatin mary casesvhere
goodclassi cationaccuraciesreachieved,thevariability of the predictedvaluesis neverthelessarge
andpredictionsoften do not matchtheir tagetsvery well, what canbe seenfrom gure 6.13. The
statisticaimeasuresharacterizingheestimatedegressiorfunctionscon rm that nding. Thisshavs
thatin mary casegredictionsof classlabelsarenotvery stableandthatthe problemof taskdemand
estimation,even whenit is reducedto the problemof distinguishingtwo task demandievels, still
remainsdi cult.

Althoughit is importantto keepin mind that classi cationaccuraciesare always derived from
predictionsof regressiorfunctionshere,experimentakesultsarereportedmostlyin termsof accura-
ciesin thefollowing. We believe that this measuregprovidesthe bestoverviev over changeof the
systemperformancevhendi erentparameterarevaried.

6.2.5 Averaging

Alsofor thetaskdemandiatathee ectof averagingoverthek previousfeaturevectorsvasexamined.

Figure6.15shawvs thevalidationsetaccuracie$or setupdJD andUI for di erentvaluesof k.
Comparedo theuserstatedata(see gure 6.4),improvementsachievedby averagingarerelatively

small. For setupUl the bestresultsareobseredfor k = 2 in contrastto the expectationthatresults
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Figure6.15: Validationsetaccuracie$or setupdJD andUI for di erentvaluesof k.

[ [k=1k=2]
UD || 78% | 82%
Ul || 75% | 79%
SI | 73% | 73%

Table6.19: Resultdor thedi erentexperimentaketupsbtainedor thebaselinesystenton guration
(k = 1) andamodi ed con gurationwherea valueof k = 2 is choserfor averaging.

increasewith increasingvaluesof k. Note however thatthe validationsetaccuracie$or this setupare
only slightly abore chance.Thereforeonehasto be extremelycarefulwith theirinterpretatiorandit
is possiblethattheaccurag for k = 2 representanoutlier.

Sinceaccuracieslo notincreasenuchwith increasingsaluesof k, all following experimentsvere
conductedvith avalueof k = 2. Thisrepresenta compromiséetweerimprovementsn resultsand
the e xibility of the systento reactsu ciently fastto change®f taskdemand:For too large values
of kit is likely thatthe previoustaskdemandevel is predictedfor afew moresecondsvhenthelevel
of taskdemandchangessincedatarecordedsomesecondsgohasstill largein uence onthe current
featurevector

In table6.190necanseethatconsiderablémprovementf thetestsetaccuraciegwhich arealso
signi cant) canbe achieved for setupsUD andUI whenfor avalueof k = 2 is chosencompared
to the baselinecon gurationwherek = 1. Interestinglyfor setupSI no improvementsat all canbe
obsered.

Thelatterobseration andthefactthatthe potentialof averagingwaspossiblyunderestimatedn
thevalidationset,suggesthatperhapsiatasetsaretoo small (andthereforetoo little representate)
to make reliableinferencesaboutthe potentialof averagingfor thetaskdemanddata. Thesigni cant
improvementsn resultswhenaveragingis appliedfor setupdJD andUI however, allow at leastthe
carefulstatementhataveraginghasa positve e ectontheoverall systemperformance.

6.2.6 Normalization

Sincetheresultsobtainedwith normalizationmethodRelPower werefar belonv thoseobtainedwith
the othernormalizationmethoddor the userstatedata(seesection6.1.5),this methodis not applied
arymorefor thetaskdemanddat&. In table6.20theimpactof the othertwo normalizationmethods
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[ ] GlobalNorm [ UserNorm |

ub 82% 73%
ul 79% 80%
Sl 73% 87%

Table 6.20: Resultsfor di erentnormalizationmethodsfor the di erentexperimentalsetups. The
accuraciesn the rst columncorrespondo thoseshawvn in table6.19for an optimal value of k for
averaging.

onoverallresultsfor thetaskdemandlatais comparedor all experimentaketups.

Similar ndings asfor the userstatedata(seetable 6.4) canbe madehere. However for setup
UD resultsdrop much strongerhere,whennormalizationmethodUserNorm is usedinsteadof the
baselinemethodGlobalNorm. A reasonfor this might be, that the taskdemanddatatest setsare
smallerthanthe userstatedatatest sets: Only two taskdemandlevels are consideredn total, and
oftenlittle datapertaskdemandevel is available(seealsosection5.3). Thereforemeanandvariance
canpossiblynot be estimatedeliably enoughon the testsetswhich hasto be donehowever during
the normalizationprocedurenf methodUserNorm.

Theslightimprovementsobseredfor setupUl whenusingnormalizatiormethodUserNorm are
not signi cant. They aremainly explainedwith anaccurag improvementof 24% for session(T3a)
anda decreas®f 17% for the accurag of sessionT2). This indicatesthat separatanormalization
of the datafor eachrecordingsessiordoesnot necessariljhave a goode ecton resultsfor subject
dependenéxperiments.A majorreasorfor the decreasén resultsfor session(T2) might beaswell
thedatasparsenedgadingto unreliablemeanandvarianceestimates.

For setupSI the strongesimprovementsin resultsareachieved. This is in particulardueto im-
provementdor sessior(T3b)from thechanceaccurag of 50%to 85%. Sincedatafrom only two ses-
sionsfor this experimentaketupis availablehowever, onehasto bevery carefulwith the conclusion
thattheapplicationof normalizatiormethodUserNorm helpsto improve the systermperformancédor
taskdemandpredictionacrosssessionsThe resultsobtainedheresupportthis hypothesisbut do not
provide strongevidencefor it.

Althoughno signi cantimprovementouldbeachiezedwhenusingnormalizatiormethodUser
Norm insteadof methodGlobalNorm for setupsUl andSl this methodwasusedin the following
experimentdor both setupssincewe believe thatits applicationwould improve resultssigni cantly,
whenmoredataperrecordingsessiorwasavailablesothatmorereliablemeanandvarianceestimates
couldbeobtained.

6.2.7 Feature Reduction

Two featurereductionmethodswvereinvestigatedor the taskdemanddata: Averagingover adjacent
frequeng bandshenceforttreferredto asFreqgArg method(seesection4.3.1),andselectionof the
featureswhich are bestcorrelatedwith the target valuesto be predicted(seesection4.3.3). Back-
wardselectiorwhichis ableto copebetterwith multi-collinearitiesthanthe simplecorrelation-based
method,cannot be appliedhere,sincethe dimensionalityof the original featurevectorsis too large
while trainingdatais sparse Forwardselectiorrequiresmuchmorecomputatiorthanthe correlation-

2As explainedin section2.3.2.1theinformationaboutthetotal power contentof di  erentfeaturevectors(whichis elim-
inatedwhenusingmethodRelPower), is particularlyimportantfor taskdemandprediction,sinceit seemso be correlated
directly with thedegreeto which mentalresourcedn a certaincortex region arerequired(seealso®gure2.26).
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Figure6.16: Validationsetaccuracie$or setupsJD andUl whendi erentbin sizesfor the FreqA/g
methodareused. The optimal systemcon guration for averagingandnormalization(asdetermined
in the previous sectionsvasusedfor bothsetups.

basedapproachbut it cannotbe shavn thatis betterableto avoid the problemof multi-collinearities
(seesectiord.3.3). Thereforeit is notappliedhereaswell.

Figure6.16 shavs validationsetaccuraciesvhenaveragingover adi erentnumberof adjacent
frequenyg bandss performedj.e. whenadjacenfrequenyg bandsareputinto binsof di erentsizesh,
for setupdJD andUI. A very similartendeng asalreadyobsered for the userstatedata(seesection
6.2.7)canbeseerhere:Accuraciesuctuate in acomparatrely smallrangefor all bin sizeshetweerl
and45andthey decreasstronglyonly for abin sizeof 90. We concludethatalsofor thetaskdemand
datatheinformationaboutthe power contentof lower andupperfrequencieperelectrodeasawhole
seemdo besu cientto obtainacceptablg@redictions.Notethathereagainvalidationsetresultsfor
setupUl areonly slightly abore chance Thereforeonemustbe carefulwith theirinterpretation.

Figure 6.17 shaws validation setresultsfor the correlation-basedfieaturereductionmethodfor
setupdJD andUI. For setupUD resultsfor featurevectordimensionalitiebelov 100aremuchbetter
thanthoseobtainedwith higherfeaturevectordimensionalitie®r evenwithout featurereduction,and
they do not drop evenwhenthe numberof featuress reduceddown to 16. Only 16 featuresj.e. one
featureper electrode arealsousedfor a bin size of 90 for the FregArg method. Hereresultsdrop
stronglycomparedo largerfeaturevectorsizeswhich canbe seerfrom gure 6.16.

For setupUI no large changesn resultscanbe obsered when reducingthe featurevectordi-
mensionalitywith the correlation-basethethod.However, alsofor this setupresultsdo notdecrease
whenusingonly 16 featuresareused,comparedo the casewherethefeaturevectordimensionalityis
reducedo 16 with the FreqArg method.A reasorthatthecorrelation-basethethodcannotimprove
resultsfor this setupcouldbe (besideghe problemof validationsetaccuraciegloseto chance)that
for di erentsubjectddi erentfeatureshave thelargestpredictive power (seealsotable6.22below).
Thereforethe featuresselectedvy the correlationbasedmethodarenot necessarihighly correlated
with thetargetsfor thetestdata,but with thetargetsof datafrom di  erentsubjectdn thetraining set.

We concludethatthe correlation-baseteaturereductionmethodseemsnoresuitablefor feature
reductionthanthe FregArg methodfor the problemof taskdemandorediction.Notethaton thetask
demanddatafor setupUD evenimprovementf resultscould be achieved when correlation-based
featurereductionwasperformed,n contrastto the userstatedata,wherefor the applicationof both
LDA (to setupUl) andthe FreqArg method(to both setups)resultscould only be kept constantly
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Figure6.17: Validationsetaccuraciegor correlation-baseteaturereductionto di erentfeaturevec-
tor dimensionalitiegor setupdJD andsetupUl. The optimalsystemcon gurationfor averagingand
normalization(asdeterminedn the previous sectionswasusedfor bothsetups.
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Figure 6.18: Developmentof the standarddeviation over the validation setaccuracie®btainedfor
di erentrecordingsessiongor setupUD whenthenumberof featuress reducedwith thecorrelation-
basedmethod.

whenreducingthefeaturevectordimensionality Thatshawvs thatfor sessiordependengstimationof
taskdemandinearfeaturereductionmethodsaresuitable.

ForsetupUD it is interestingo obsere therelationbetweerthestandardleviation overtheresults
fromdi erentrecordingsessionandthefeaturevectordimensionalitywhencorrelation-basefkature
reductionis performed(see gure 6.18): For a smallernumberof featuresthe standarddeviation
becomesmalleraswell. Accuraciesvhicharealreadyhighfor alargerfeaturevectordimensionality
decreasa little (sessiongT1) and (T3a)), while previously low accuraciesncreaseconsiderably
(sessiongT2) and(T4)) for areducechumberof features.This indicatesthat featurereductionis in
particularusefulwhenfor a high numberof featuresaccuraciesrelow. In thatcase the correlation-
basedeaturereductionmethodseemdo be ableto sortout featureswvhich introducea lot of noisein
the data(apparentlynorethan SVMs could copewith) andwhosepresencen the featurevectorsis
thereforeharmfulto the predictions.
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No featurereduction| Corr-basedfeat. reduc-
tion
ubD 82% 92% (80 features)
ul 80% 77% (240features)
Sl 87% 61% (240features)

Table6.21: Resultsobtainedfor featurereductionwith the correlation-basethethodfor thedi erent
experimentaketupscomparedo theresultsobtainedwithout featurereduction.ln braceshenumber
of usedfeaturesfor eachsetupis given. Resultsfor the particularsetupsare always achiezed with
their optimal systemcon gurationfor averagingandnormalization.

Table6.21comparesnally thetestsetresultsobtainedvithoutfeaturereductionto thoseobtained
usingcorrelation-basetkaturereductionrmethod.Basedon thevalidationsetresultsfrom gure 6.17
a featurevectordimensionalityof 80 wasdeterminedor setupUD. For setupUl we arguedabove
thatthe featuresselectedn the training dataarenot necessarilfthe bestcorrelatedeatureswith the
tamgetvaluesof thetestdata. Thereforewe decidedo allow athreetimeslargerfeaturevectorsizeof
240for this setupto increaseahe chancehatalsofeatureswith high predictive power for thetestdata
areincluded.This featurevectorsizewasalsochoserfor setupSl.

While accuraciedor setupUD increaseby 10%, a decreasef resultsfor the other setupscan
be obsenred, althougha larger featurevectorsizewasallowed here. The mostlikely reasorfor that
is that featureswith the largestpredictive power for the testsetsarestill notincludedin the feature
vectors.This shavs thatfeaturesvhich aresuitablefor the predictionof taskdemandseemo di era
lot acrosssubjectsaandevenacrosssessions.

For setupUD wherecorrelation-basetbaturereductionyieldsimprovementsn resultsit is inter
estingto analyzewhich featuresareselectedor thedi erentrecordingsessionsi.e. for thedi erent
subjects. In table 6.22 for eachsessionthe numberof featuresselectedper electrodechannelis
shavn. No commonalitiegor all recordingsessionsanbefound,however somesimilaritiesbetween
two pairsof sessionsrenotavorthy. For recordingsessiongT1) and(T2) electrodeT4 hasa large
importancealthoughthe pre-frontalelectrode$-plandFp2play anevenmoreimportantrole in case
of recordingsessiorn(T1). For sessior(T2) only for electrode-p2 somemorefeatureghanfor other
electrodesare selectedput the largestnumberof featuress still taken from electrodeT4. Record-
ing sessiongT3a) and(T4) sharetheimportanceof electrodeO1. While for sessionT3a) the data
from Olonlyissu cientto make goodpredictionshowever, for sessior{T4) alsothefrontal andthe
fronto-temporatortex playsanimportantrole.

We concludethat featureswhich are most correlatedwith task demandare generallysubject-
speci ¢, althoughthereareremarkablesimilaritiesat leastbetweengroupsof subjects.On the other
handone nds for setupSlI thattherearelittle similaritiesbetweenhe featuresselectedor the two
sessionsecordedrom thesamesubject((T3a)and(T3b)). While for (T3a)all 80featuresarechosen
from electrodeO1 asshavn abore, the fronto-temporalkortex andthe parietalcortex are preferred
for sessionT3b). Thereforeit seemdhatthe selectedeaturesarenot (or not only) subject-speci c,
but possiblyalsotask-speci c. This becomeslearwhen consideringthatdi erenttypesof men-
tal resourcearerequiredwhendi erentpresentationsre given to one subject. While during one
presentationmathematicateasoningnight be moreimportant,for anotheronethe understandingf
sketchesandvisual perceptioncould be required. Naturally in both caseghe correlatesof di erent
taskdemandevels are obsered mostpronouncedat di erentcortex regionsasexplainedin section
2.3.
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| Session|| Fp1 | Fp2 | F7 | F8 | F3 | F4 | Fz | T3 | T4 |T5|T6 | P3| P4|Pz| 01| O2 |

(T1) 36| 13| 3]0|3]0|1]1[12]0]6]1]1][3]O0]O0
(T2) 2 | 9 |0|2]1]0|2]2]59|3|0|0]|]0|0|0]O
(T3a) 0| 0o | 0|J]0O|O0O|]O|O|]O|O|O|O|O|O|O]|80][O
(T4) 0O | 6 |4|8|5|4|5|5|6]|1|3|1]|5]|3]21]3

Table 6.22: Numberof featuresselectedper electrodefor the di erentrecordingsession®f setup
UD, whencorrelationbasedeductionto 80 featuress performed.

\ | SVMedess [ OLS-Raegression|

ub 92% 79%
ul 7% 7%
Sl 61% 70%

Table6.23: Comparisorof resultsachiezed by regressiorSVMs andOLS-regressiorfor thedi erent
experimentalketups.For all setupghe featurevectordimensionalityis reducedwith the correlation-
basedmethodto thevaluesshavn in table6.17for this method.

The analysisof the selectedrequenyg bandsfor featurereductionto 80 featuresfor the record-
ing session®f setupUD reveals,thatmostly frequeny bandsabove 20Hz are preferred exceptfor
sessionT3a) wherealmostall frequeng bandsfrom electrodeO1 arechosen.This agreeswith the
hypothesidrom section2.3.2.1thatin particularhigh frequentEEG actiity is a good correlateof
taskdemand.

For a comparatrely small featurevectordimensionalityit becomesnally possibleto examine
the performancenf OLS-regressiornfor the predictionof taskdemand.Table6.23 compareghere-
sults obtainedwith regressionSVMs to thoseobtainedusing OLS-rgyressionfor a featurevector
dimensionalityof 80. Interestinglyonly theresultsfor setupUD seemo con rm thehypothesigrom
sectiond.5.3thatregressionSVMs performbetterthanOLS-regressionsincethelatter methoddoes
not performary regularizationto minimize the acualerrorinsteadof thetraining seterror. For setup
Sl theapplicationof OLS-regressiorimprovesresultsevenby 10%. Thereasorfor thisis theaverage
accurag obtainedwith a regressionSVM for sessionT3b) of 26% (which is far belov chance)is
increasedo 79% using OLS-regression.Much deeperanalysisof the datafrom sessiongT3a) and
(T3b)would probablyberequiredto understandhedi erencedn resultsobtainedwvith bothmethods.

6.2.8 Combination of Two Subjective Task DemandEvaluations

In section5.3it wasmentionedhatsomesubjectsvaluatedhetaskdemandhey experiencedluring
the perceptiorof thepresentatiotwice. Thesewo evaluationsverethenusedto createhethreedata
partitioningsEvall, Eval2 andEvalCombined. In this sectionthe resultsfrom experimentswith all

threedatapartitioningsarereportedanddiscussedn orderto analyzethe following issues:

1. Is systemperformanceetterfor partitioningEvall or Eval2? With this questionwe wantto
nd outwhethersubjectsarestill ableto estimatetheirtaskdemandwhile they weregiventhe
presentatiosomedaysor evenweeksafter the actualpresentation.

2. Doresultsmprove whenusingpartitioningEvalCombined? Herewe wantto examinewhether
in the datafrom partitioning EvalCombined (which containsthe overlappingtime segments
from both evaluations)only thosetime segmentsare includedfor which di erencesn task
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\ SessionH Evall \ Eval2 \ EvalCombined \

(T2) 88% | 78% 72%
(T3b) 48% | 57% 57%
(T4) 98% | 91% 90%
(T6) 55% | 92% 70%
Mean 72% | 79% 72%

Table6.24: Averageaccuracie$or thedi erentrecordingsessionandmeansverall sessionor data
partitioningsEvall, Eval2 andEvalCombined. ResultswereobtainedusingexperimentaketupUD
for which the optimal parameter$or averaging,normalizationandfeaturereduction(asdetermined
in the previous sections)verechosen.

demandareparticularlypronouncedsincetime sggmentsfor which subjectsvereunsurenow
to evaluatethemareprobablyremovedin this partitioning.

Table 6.24 shaws the averageaccuraciedor thedi erentrecordingsessiongfor sessiongT2),
(T3b), (T4) and(T6) two taskdemandevaluationsare available) andthe meanover all sessiongor
partitioningsEvall, Eval2 andEvalCombined. ResultsareobtainedusingexperimentalsetupUD.
Onecanseethatin averagebetterresultsareachieved for partitioningEvall comparedo partition-
ing Eval2. In particularthe resultsfor sessiongT3b) and(T6) which are below or closeto chance
accurayg for partitioning Evall improve when using partitioning Eval2, while resultsfor sessions
(T2) and(T4) drop. Thedi erenceof the meanaccuracie®ver all recordingsessiondetweerboth
partitioningsis notsigni cant.

We concludethat even someweeksafter the actualperceptionof the presentatiorsubjectswere
still ableto give estimate®f theirtaskdemandduringtheinitial perceptiorof the presentationvhich
arecorrelatedwith their EEG. This seemssurprisingwhenthe pooroverlapbetweerbothevaluations
(seetable5.4) is considered.On the otherhandit mustbetakeninto accounthowever thatbetween
bothevaluationsmostly high taskdemandandoverloador low taskdemandandmediumtaskdemand
were confused(see gure 5.7) andthat mediumtaskdemandand overloadare not considerechere
for prediction. Thusthe time sgmentsbelongingto task demandlevels low and high for which
predictionsaremade virtually do not overlapbetweerbothpartitionings sothatit becomegplausible
againthatacceptableesultsareobtainedfor bothpartitionings.

For the partitioning EvalCombined betterresultswereexpectedbecausef the abore explained
hypothesis.However it is importantto notethat the amountof available datadecreasesshencom-
bining both evaluations(seealso5.4) which might explain that resultsdo not improve comparedo
partitioning Evall or Eval2. Neverthelessaccuraciedor all sessionsre bettercomparedo those
obtainedwhenusingpartitioningEvall.

6.2.9 ElectrodeReduction

Also for the taskdemanddataexperimentswith a reducedsetof electrodesvere conducted.Table
6.25comparesesultsobtainedfor setupUD with thoseobtainedfor setupsHB andUD#, wheredata
is taken only from the four pre-frontaland frontal electrodesvhich are alsousedfor the headband
recordings. When the datafrom four electrodesonly was usedfor prediction, the applicationof
featurereductioncould notimprove results.Thereforealsofor setupUD theresultsobtainedwithout
featurereductionaredisplayedn table6.25for bettercomparability
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SetupUD SetupuD* SetupHB
| Session| | | Session| | | Session| |
(T1) 93% | [ (T1) 91% | [ (T7) 89%
(T2) 79% || (T2) 48% | | (T8) 49%
(T3a) 100% | | (T3a) 86% | | Mean 69%
(T4) 57% || (T4) 50%
Mean 82% Mean 69%

Table 6.25: Accuraciesfor thedi erentrecordingsessionsand meansover all sessiondor setups
HB, UDandUD*. In all caseghe systemis con gured optimally accordingto the ndings from the
previous sections Only featurereductionis not performed.

Averaging
(valueof Normalization Feature
Setup Kopt) method Reduction
ubD Kopt = 2 GlobalNorm | correlation-
based
feature re-
duction to
80 features
Ul Kopt = 2 UserNorm none
Sl Kopt = 2 UserNorm none

Table6.26: Parametersf the bestsystemcon gurationfor setupdJD, Sl andUI.

As expectedaccuraciesiropwhenusingonly four pre-frontalandfrontal electrodesnsteadof all

16, however they arestill clearlyabore chance Furthermoregherearelarge uctuations betweerthe
resultsfor di erentrecordingsessiongor setupsHB andUD*For bothsetupgor half of the sessions
resultsarein thesamerangeasfor setupUD, while for therestaccuraciegrenot betterthanchance.
Thereasorfor these uctuationsis possiblythe sameasabore whereit wasattemptedo explain that
acrosssubjectsandsessiongli erentfeaturesare selectedsection6.2.7): Only for a certaingroup
of subjectsor a certaintype taskto be executed the mentalresourcesequiredprimarily during task
executionproducean EEG which canbe measuredisingno morethanfour pre-frontalandfrontal
electrodes.

6.2.10 Analysisof BestSystemCon guration

In this sectionthe bestsystencon gurationfor eachexperimentaketupis summarizedin table6.26
for all processingstepsandall experimentaketupghe parametersredisplayedwhich leadfor each
processingstepto the largestperformancegain. Table 6.27 shavs the improvementsin resultsfor
eachprocessingstepwhenthe optimal parametergor this stepare chosen.All resultsare achieed
with theregressiorversionof alinearSVM.

Notethatartifactremoval is notconsideredn tables6.26and6.27,sinceneithervisualinspection
basednor cross-alidationbasedrejectionof independentomponentgouldimprove resultsfor the
taskdemanddata. Besideshe aboe mentionedoroblemthatICA weight matricesgeneralizebadly
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Setup| Baseline Averaging Normalization Feature Re-
duction
82% 92%
uD 78% abs = 4% - abs = 10%
rel = 19% rel = 56%
79% 80%
Ul 74% abs = 5% abs = 1% -
rel = 17% rel = 12%
73% 87%
Sl 73% abs = 0% abs = 24% -
rel = 0% rel = 89%

Table 6.27: Accuracies,absolute( 5ps) andrelative improvements( ) obtainedfor setupsUD,
Ul andSI whenfor thedi erentprocessingstepsthe optimal parametecon gurationis chosen.A
dashindicateghatnoimprovementsouldbeachieved by changinghebaselinecon gurationfor the
correspondingrocessingtep.

for unseerdata(seesection6.1.6),one explanationfor this nding could be thatthe eye-blink fre-
queng is possiblycorrelatedwith taskdemandsothateye actvity informationis potentiallyhelpful
for taskdemandestimation.Furtherresearchs requiredhoveverto nd evidencefor or againsthis
hypothesis.Sincealso cross-alidation basedcomponentejectionwas not ableto improve results,
it seemghatotherprocessesvhich aredetrimentato the systemperformancdasin caseof the user
statedata)do not exist for thetaskdemandlata,or they cannot beisolatedproperlyusingICA.

It canbe seenfrom table6.27 that similarly to the userstatedata,alsofor the taskdemanddata
resultscanbe improved for setupsUl and S| whenusingnormalizationmethodUserNorm instead
of thebaselinemethodGlobalNorm. Largerimprovementsor setupUl would be possiblyachiered
whenmoredataper recordingsessionsvasavailable so that meansandvariancesper sessiorcould
be estimatedmorereliably. The large gainsfor setupSl| are dueto very large improvementsfor
onerecordingsession.Sinceresultsfor this setupareonly reportedasaveragesover two recording
sessionspnehasto bevery carefulwith theirinterpretation.

Correlation-basedeaturereductionyields improvementsin resultsonly for setupUD. For the
othertwo setupghisfeaturereductionmethodwould perhap$eapplicableaswell, if more(or better)
validation datawas availableto estimatean appropriatefeaturevector dimensionality This dimen-
sionalityis likely to be muchlargerthan240,which is the featurevectorsizefor which experiments
on the testsetsof setupsUl and S| wereconducted.Averagingover adjacenfrequeng bandscan
probablybe performedfor all setupsto keepresultsconstantwith a smallernumberof featureqsee
also gure 6.16),sothatlessmemoryandcomputationatime is requiredfor trainingandtesting.

Figure6.19 nally compareshe accuraciedor all recordingsessionf all setupswhich were
obtainedwith the baselinesystemandwith the bestsystemcon guration.

For all threesetupst canbe seen that often accuraciesvhich arealreadyhigh for the baseline
systemdropslightly whenthe bestsystemcon gurationis usedwhile accuraciesvhich arevery low
for thebaselinesystenincreasemoreor lessstrongly Thusnotonly theaverageaccurag overall ses-
sionsis improvedwhenusingthebestsystemcon guration, but thatalso uctuationsacrosgecording
sessionarereduced.Thatsuggestshattherisk to obtainextremelybadpredictionsdecreasesyhen
usingthebestsystemcon gurationinsteadof thebaselinesystem Notehoweverthatmuchmoredata
shouldbe analyzedo be ableto provide strongerevidencefor or againsthis hypothesis.
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Figure6.19: Comparisorof the accuraciegor thedi erentrecordingsessiondetweerthe baseline
systemandthe bestsystemfor all experimentalsetups.



Chapter 7

Conclusionsand Futur e Work

In thisthesisasystenfor theidenti cation of userstatesandtheassessmeiatf mentattaskdemandis-
ing electroencephalogubic datahasbeenproposedFor thediscriminationof the userstatesesting,
listening,perceving apresentatiomeadinganarticlein amagazinesummarizinghereadarticleand
performingarithmeticoperationsglassi cationaccuracie®f 94.9%in sessiorandsubjectdependent
experiments58.9%in subjectindependenexperimentsand62.7%in subjectdependenbut session
independenexperimentscould be obtained.For the predictionof low andhigh taskdemandduring
the perceptiorof a presentatioraccuracie®f 92.2%in sessiorandsubjectdependenexperiements,
80.0%in subjectindependenexperimentsand87.1%in subjectdependenbut sessiorindependent
experimentsvereachiered.

Potential elds of applicationfor the proposedsystemare meeting,lectureor o ce scenarios,
whereinteractionbetweenusersand mobile communicatiordevices or face-to-acecommunication
betweenpersonscanbe improved, wheninformationaboutuserstateandtask demandis available
(seesectionl.2). In sectionl.1 several goalswereformulatedwhich mustbeful lled to make EEG
recordingand EEG dataprocessingpracticalfor the mentioned elds of applications. Below it is
summarizedn how far eachof thesegoalscouldbe metby theresearchwork describedn thisthesis:

Robustness For subjectandsessiordependengxperimentsaccuracie®btainedfor userstate
identi cation andtaskdemancestimatiorarebothabore 90%. Sincetheseresultswereachieved
when no attemptwas madeto remove artifactsfrom the data,which usually occurvery fre-
guently when recording EEG under non-clinical conditions, it seemsthat artifacts have no
strongnegative in uence on the overall systemperformance ICA-basedartifact removal was
only partially successfulWhile therejectionof thosecomponentgsontainingeye actvity could
not improve results,small but signi cant improvementswere achiezed when cross-alidation
wasappliedto identify thosecomponentsvhich aremostdetrimentalto classi cationaccura-
cies. A generalproblemof the ICA algorithmusedhereseemedo be thatweightslearnedon
training datado not generalizewnell for unseerdata. Besideghatthe robustnes®f the system
towardsthevariability acrosssessiongndsubjectanustbeincreasedsinceresultsachieredin
sessioror subjectindependengxperimentsarefar belon thoseobtainedor sessiorandsubject
dependenéxperimentqat leastfor the userstatedata).

Acceptability: In experimentswith the headbandor EEG recording(seesection5.1 for more
detailsaboutthis recordingdevice) it wasshavn thatuserstateidenti cation andtaskdemand
assessmerig possiblewith four electrodesver the pre-frontalandfrontal cortex only. These
aresuitableelectrodepositionsfor EEGrecordingin meetinglectureor o cescenariossince



145

electrodesare easyto attach,no conductve pastegetsin contactwith the users hair andthe
datarecordedrom theseelectrodess su cientto obtainacceptableiserstateandtaskdemand
predictionsin mary cases. In the future betterpositionsfor electrodeattachmenshouldbe
investigatedFor instancehey couldbe mountedon a glassedrameor attachedehindthe ear
lobes. Thusmore cortex regionswould be coveredcomparedo the headbandvhich records
signalsfrom pre-frontalandfrontal cortex regionsonly. Furthermoreelectrodesat theseposi-
tionsarelessvisible which mightincreaseaheusers readinesso wearthem.

Real Time Behavior: On a 800 MHz Pentium-3laptop preprocessingf raw EEG dataand
predictionof userstatesakesaboutonesecondor morethan100examplegwhichcorresponds
to 100second®f data)andmuchlessthanonesecondor ve examplesusinga MATLAB ™.-
basedimplementationof all algorithms. The predictionof task demandrequireseven less
time. With the prototypesystem(seesection6.1.10)it hasbeendemonstratedhat userstate
predictionis possiblein realtime.

Realistic Scenarios The scenariosusedfor the datacollectionandfor the experimentswith

the prototypesystemarevery di erentfrom the highly controlledrecordingconditionswhich
mustbeful lled for clinical EEG recording. On the otherhandthe proposedsystemhasnot
beentestedyet in a real meetingor lectureor duringrealistico cework. Thisis howvever a
very essentiabtepwhich shouldbe madesoon. Furthermorehe users'real needsduring the
scenariosve are aiming at shouldbe investigatednore, andit shouldbe examinedwhether
EEGrecordingduringsuchscenarioss acceptabldor usersn general.

We concludethat all formulatedgoals haven beenrealizedat leastpartly during the research

describedn this thesis,which we considerto be completelysatisfctory sinceno previous attempt
towardsEEG-baseddenti cation of userstatesandassessmenmtf taskdemandn meetinglectureor
o cescenariohasbeenmade.Besidegheabose mentionedasksto be accomplishedthereremain
alsosomeotherissuedo beconsideredn futureresearch:

Muchmoredatashouldbecollected,n particulataskdemandiata,to beableto make morere-
liable inferencesaboutthe systembehaior whenoptimizingits parametersAlso otherrecord-
ing setupsshouldbe tested(i.e. otheruserstatesor other taskswhich evoke di erenttask
demandevels)in orderto learnmoreaboutthe potentialandthelimits of the proposedneth-
ods.

A deeperinsight into the bio-medicalbackgroundof the EEG would be of advantageto be
able to incorporatemore a priori knowledgeinto the system. It shouldbe analyzedfor in-
stancewhich arethe mostmeaningfulfeatureso be extracted. This doesnot necessarihave
to be the frequeng contentof the signalswhich canbe obtainedusing a Fourier transform.
Frequeng-basedsignalrepresentationgsingwaveletsor featureswvhich areextractedfrom the
time signal(in the simplestcasethetime signalitself andor its 'derivative’, i.e. its slope)could
beinvestigatedor example.

For mary processingtepsthe applicationof moresophisticateanethodsshouldbe examined.
Thisincludestheuseof morerobustmethodgo estimatahefrequeng spectrunof thesignals,

YIn the MATLAB™ implementationANNSs are usedfor classi®cation,since no suitable SVM implementationfor
MATLAB™ wasavailable. The SVM'9"t software [Joachims,1999] which was usedfor SVM-basedclassi®cationand
regressiorusuallyrequiresabout1=100" of a secondo male predictionsfor afew hundredexamplesof userstateor task
demandata,whenthelearnedmodelis alreadyin memory



146

e.g.autorgressie models theinvestigationof featureselectiortechniquesvhichdo notimply
alinearstructureof thedataand nally theapplicationof non-linearSVMs.

At the end of this work it shall be pointed out that we believe in the large potentialof EEG
to obtaininformation aboutuserstateandtask demand. Suchinformationis extremely useful for
the constructionof attentie userinterfaceswhich adaptthemselesto the wishesandneedsof their
owners. Furthermordnferencesabouthow peopleinteractandcommunicatevith eachothercanbe
madeusinginformationfrom theEEG.Thelargestchallengdor practicalapplicationf the proposed
methodologyin the future remainshowever to minimize the disturbanceof userswho wearmaobile
EEGrecordingdevices,while maximizingthebene t of thesedevices.
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