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Abstract

Informationaboutpeople'scurrentactivity (theiruserstate)andtheirmentaltaskdemandcanbeused
for multiplepurposesin meeting,lectureor o� cescenarios.

Dependingon thecurrentuserstateandthelevel of taskdemandmobilecommunicationdevices
suchascell-phonescancon�gure themselves in a way that they notify their owner of an incoming
event(e.g.aphonecall) only, if thisdoesnotdisturbhim for instance.Furthermoreinformationabout
userstateandtaskdemandof anaudiencecanbeusedto provide feedbackto aspeaker abouthis talk.

In this thesisa systemis proposedwhich determinesuserstateandtaskdemandusingelectroen-
cephalographicdata(EEG data). EEG is recordedusingeither16 scalpelectrodesfrom a standard
recordingdevice which is usuallyusedfor clinical purposes,or aheadbandwith only four electrodes
over thepre-frontalandfrontal cortex, which is muchmorecomfortableto wear. Therecordeddata
is thenpassedto a computerwherefeaturesareextractedwhich representthe frequency contentof
thesignals,featuresarepreprocessedand�nally passedto anarti�cial neuralnetwork or to aSupport
VectorMachinewhichpredictuserstateandtaskdemand.

For the discriminationof the userstatesresting,listening,perceiving a presentation,readingan
articlein amagazine,summarizingthereadarticleandperformingarithmeticoperationsclassi�cation
accuraciesof 94.9%in sessionandsubjectdependentexperiements,58.9%in subjectindependent
experimentsand62.7%in subjectdependentbut sessionindependentexperimentscouldbeobtained.
For the predictionof low andhigh taskdemandduring the perceptionof a presentationaccuracies
of 92.2%in sessionandsubjectdependentexperiements,80.0%in subjectindependentexperiments
and87.1%in subjectdependentbut sessionindependentexperimentswereachieved. While all these
experimentswereobtainedin o� inescenarios,wheredatahadbeencollectedlongbeforethesystem
wastrainedandtested,alsoaprototypesystemhasbeendevelopedwhichdemonstratesthefeasibility
of userstateidenti�cation andtaskdemandassessmentin realtime.
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Chapter 1

Intr oduction

In moderno� ceor meetingenvironmentspeopleinteractwith eachotherin variousways: (mobile)
electronicdevicessuchascell phones,PDAs andlaptopsareusedto communicatevia speechor text
but alsoface-to-facemeetingstake placefrequentlynowadays.

Informationaboutuserstate,i.e. the currentactivity of an individual andmentaltaskdemand,
i.e. the amountof mentalresourcesrequiredto executethe currentactivity, canprovide important
informationaboutthe individualsneedsandwishesconcerninginteraction.This informationcould
be exploited for exampleby communicationdeviceswhich selectthe kinds of noti�cations a user
receives appropriatelyaccordingto the user's currentstateandmentaltask demandlevel. On the
otherhandinformationaboutthe predominantstateandthe taskdemandlevel of his audiencecan
representaninterestingfeedbackfor aspeaker abouta talk.

We refer to the currentactivity of an individual asuserstatein this work to emphasizethat we
seea major purposeof gatheringsuchactivity informationto improve the interfacesbetweencom-
municationdevicesandtheir users. To characterizethepredominantactivity of anaudienceduringa
meetingor a lecture,theterm”audiencestate”or ”participantstate”would probablybemoreappro-
priate. Notehowever that technicallyspeakinga listenerof a talk canalsobe seenasa ”user” who
obtainsinformationfrom a ”device”, namelythespeaker, via an”interface”,which is thetalk of the
speaker1. Thereforeandfor reasonsof clarity only thetermuserstateis usedin thiswork to character-
ize anindividual's currentactivity. Notefurthermorethatthemoregeneraltermtaskdemandinstead
of mentaltaskdemandis usedin thefollowing for simplicity, althoughweareexclusively concerned
with mentalandnotwith physicaltaskdemandin thiswork.

1.1 Goal

The major goal of the researchwork describedin this thesisis the developmentof a systemwhich
automaticallyidenti�es theuserstateandestimatesthe taskdemandlevel of an individual from his
electricalbrain activity, i.e. his electroencephalogram (EEG). In particularsucha systemshall be
ableto determineuserstateandtaskdemandlevel in meeting,lectureor o� cescenariossuchthatthe
obtainedinformationcanbe usedto improve the interactionwith andvia electroniccommunication
devicesandface-to-faceinteractionbetweenindividuals.(Examplesillustratingtherelevanceof user

1This point of view is even more justi®ed whenthe humanspeaker is replacedby a computersystemproviding one
listeneror anaudiencewith informationaboutaspeci®ctopicwhichis notatoounrealisticvisionin timesof moderndialog
andinformationretrieval systems.
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stateandtaskdemandinformationfor applicationsin thementionedscenariosaregiven in thenext
section.)

Severalsubgoalsemergefrom thismajorgoal:

� Robustness: Usersmustbe allowed to talk andto move freely during EEG recordingin an
o� ceor meetingenvironmentwhich introducesusuallylargeartifactsin thedata.Duringclin-
ical EEGrecordingdataartifactsarereducedby requiringthepatientsnot to talk andto remain
immobilein a �x edpositionduringthewholerecordingwhich is clearlynot acceptablefor the
applicationswe areaiming at. Thereforethe proposedsystemmustbe ableto copewith all
kindsof artifactsintroducedin thedataby moving andtalking, i.e. it mustbe robust towards
theseartifacts.

� Acceptability: Thesensorsfor EEGrecordingshoulddisturbtheuseraslittle aspossibleand
the usermust �nd his outerappearancestill acceptablewhile wearingthem. During clinical
EEGrecordingusuallymorethan20 scalpelectrodesareplacedall over thehead.Prior to the
recordingintensive preparationof thepatientis requiredto assuregooddataquality: electrode
positionsmustbedeterminedexactly, thescalpis cleanedusingalcoholandconductivepastein
thepatientshairis requiredto establishagoodconductivity betweenskinandelectrode.Theuse
of electrodesatpositionsall over theheadandintensive userpreparationis clearlynotpossible
for thescenariosweareconsideringhere.Ideallyvery few electrodesshouldbeusedwhich the
usercanattachquickly himself. Furthermoreconductive pastemustnot get into contactwith
theuser's hair.

� Real time behavior: It mustbepossibleto determineuserstateandtaskdemandinformation
in realtime, to allow for immediatereactionswhentheseparameterschange.

� Realistic scenarios:Theuserstatesto beconsideredheremustbetypical for realworld meet-
ing, lectureor o� cescenarios.Typicalstatesarereading,typing, listeningto a talk, perceiving
anaudio-visualpresentation,talkingor restingfor example.Also taskdemandvariationsmust
bemeasuredduringrealisticactivitiessuchaslisteningto a talk. As amid-termgoalthedevel-
opedsystemshallbeusedandevaluatedin realmeetings,lecturesor o� cework places.

Notethattheresearchwork describedin this thesisis justa �rst attempttowardsuserstateidenti-
�cation andtaskdemandestimationin meetingor o� cescenarios.Thereforetheaspectsenumerated
above arerealizedonly to a certainextendin theproposedsystem(seealsochapter7). Resultsare
promisinghowever andwe arecon�dent that somefurther researchanddevelopmentwill allow to
ful�ll theaforementionedgoalsevenbetter.

1.2 Moti vation

The most importantmotivation for the developmentof a systemwhich determinesuserstateand
taskdemandis to allow for moreintelligentinteractionbetweenindividualsandtheir communication
devicesandto make communicationbetweenindividualsmoree� ective. Concreteexampleswhich
illustratehow theobtainedinformationcanbeusedfor thesepurposesarepresentedin thefollowing.

1.2.1 Human-Machine Interaction

Moderncommunicationdevicescanbe con�gured in variousways. In particular, di� erentkindsof
noti�cations (e.g. audio,visual or tactile noti�cations) canbe chosento announcedi� erentevents
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or communicationrequestsof di� erent(groupsof) communicationpartners.It will be illustratedin
the following examplesthat in presenceof di� erentuserstatesand/or taskdemandlevels, di� erent
con�gurationsof communicationdevicesmaybeappropriate.To changeadevice con�guration,usu-
ally manualinteractionis requiredwhich is ofteninconvenient.Thereforeimportantcommunication
requestsareoftenmissedor they disturbuserswhile they arebusywith moreimportantactivities.

An essentialbene�t of automaticuserstateidenti�cation andtaskdemandestimationis thatintel-
ligent userinterfacescanbeconstructed,which changetheir con�gurationsthemselvesaccordingto
thecurrentuserstateand/or taskdemandlevel. Thusthey requiretheuser's attentiononly whenthis
doesnotdiverthim from doingsomethingmoreimportant.Thefollowing examplesillustratepossible
applications:

� Considerthe meetingscenarioshown in �gure 1.1. Let us assumethat eachparticipantpos-
sessesa userstateidenti�cation device which determineshis currentuserstateas shown in
the picture. This informationcannow be usedfor exampleto con�gure the participants'cell
phonesappropriately. Let us �rst considerthespeaker: hemight not want to bedistractedby
any kindsof noti�cationssincethiswouldconfusehim duringtalking. Thereforehiscell phone
switchesitself o� to becompletelyquietwhile heis talking. Thetwo personswhoarelistening
might want to have con�gured their cell phonesin a way that the devicesnotify their owners
only of very importanteventssuchascalls from importantbusinesspartnersor of their boss.
Themeetingparticipantswhoarereadingor restingmightbeopenfor all kindsof noti�cations
sincethey arenot directly involved in themeetingat themoment.Thereforetheir cell phones
con�gure themselvesin a way thattheir ownersarenoti�ed (by a non-audible,e.g.a vibrating
alert) of all incomingeventssincethey have enoughtime to look at thedisplayandto decide
themselveshow they wantto proceedwith thecurrentevent.

Informationaboutthecurrenttaskdemandlevel might beusefulhereaswell. It couldbeused
for exampleto �nd out whethera useris highly concentratedduring listeningor whetherit is
easyfor him to follow a talk. In the latter casea disturbanceby somecommunicationdevice
mightbemoreacceptablefor him sinceheretherisk of loosingthethreadis smaller.

Besidescell phonesalsootherdevicescouldcon�gurethemselvesappropriatelyusinguserstate
andtaskdemandinformation. A personwho is takingminutesor readingmight be disturbed
moreby a text messageor a chatrequestpoppingup onhis laptopscreenthansomeonewho is
resting,sinceheis simplynot interestedin thecurrentsubjectof themeeting.

Note that regardlessof thedevice which usesthecollectedinformation,it is essentialthat the
userhimselfis ableto de�ne its behavior for eachuserstateandtaskdemandlevel, i.e. hemust
notbeforcedto acceptapresetdevice con�guration,wherehecannotdecideanymorehimself
how thedevice behavesin di� erentsituations.

� Typical activities during o� ce work arereading,typing or the developmentof own concepts
andideaswhich sometimesmay requireeven moreor lesscomplex mathematicalreasoning.
Finally therearealsointermediaterestingperiodswherenosuchactionis taken.

Let usassumeagainthat for somepersonwho is working in ano� ce,userstateandtaskde-
mandcanbeidenti�ed by somedevice. Similarly to themeetingscenariodescribedabove the
obtainedinformationcould be usedhereaswell to con�gure communicationdevicesappro-
priately. Possiblepreferencesmight befor exampleto allow no,or only very importantphone
callsduringcomplex reasoningandto disablechatrequestswhencomplex reasoningcoincides
with typing or readingsomethingon thecomputerscreen.Informationaboutthetaskdemand
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Figure1.1: A typical meeting.Picturetakenfrom [StudentGovernment,Universityof Maine,2005]

level might helphereto make more�ne graineddecisions:communicationrequestsmight be
lessdisturbingwhile readinganarticlewhich is easyto understandin contrastto anotherarticle
with a moredi� cult contentsfor example. Also during routinetasks(e.g. readingor writing
e-mails)somepeoplemight want to constrainthe potentialcommunicationrequeststhey are
willing to receive sincethey wantto gettheirwork donequickly. On theotherhandthey would
like to benoti�ed of all kindsof communicationrequests(alsoof thosewhich have previously
beenrejected)whenthey are idle, suchasduring restingperiods. Consequentlyit might be
desirablein ano� ceenvironmentto have intelligentdevices.

1.2.2 EnhanceFace-to-FaceCommunication

Userstateandtaskdemandcanprovide importantfeedbackabouthow perceived in a face-to-face
communication.This is illustratedin thefollowing two examples.

� During a meetingor a lectureit is usuallyvery di� cult for thespeaker to tell whetherhis talk
is too easyor too di� cult for his audienceor whetherheis talking abouta subjectof common
interestor not. Informationaboutthepredominantuserstateof hisaudienceandits averagetask
demandcouldhelp thespeaker to �nd out how his talk is perceived. Low taskdemandcould
beseenasahint to proceedfasterwhile high taskdemand(or evenoverload)might indicateon
theotherhandthat thecurrenttopic mustbeexplainedmoreclearly. This couldbeparticular
helpful in a lecturingor teachingscenario.

Userstateinformationcouldbeusedhereto �nd outwhethertheaudienceis interestedatall in
thecurrenttopic. Thismightnotbethecaseif thepredominantuserstateis somethingelsethan
listening.Furthermore,userstateinformationis importantto retrieveouttheprecisereasonsfor
hightaskdemand:While auser's taskdemandis constantlyhigh,hecaneitherlistenattentively
to thepresentationandwatchtheslides(userstate”audiovisualperception”)or thathecanread
apaperwhich requiresa lot of mentale� ort.

� Anotherinterestingapplicationin thiscontext is to improve aninformationretrieval anddialog
systemwhich providesmulti modalinformationabouta selectedtopic to a user. If thesystem
detectshigh taskdemandor evenoverloadit might usethis asan indicatorthat theusercan't
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keepup anymorewith thecurrentpresentationandthusit couldcomeup with otherexplana-
tions. Note that alsoexplicit interactionbetweenlistenerandsystemis possibleandperhaps
evendesirablein suchsituations.However theinformationhow familiar theuseris with di� er-
entaspectsof acertaintopic,whichcanbeperhapsinferredfrom thecourseof histaskdemand,
mighthelpto selectthemostappropriateexplanations.

� Now let usconsidertwo peoplewhocannotcommunicatein acommonlanguageandtherefore
usea speechtranslationdevice to talk to eachother. In this case,it is usuallydi� cult to tell
whetherthe translationof what wasjust said is correct,i.e. if the dialog partnerunderstood
the meaningof the utteranceasit wasoriginally intendedin thesourcelanguage.If now the
confusionof thedialogpartnercouldbemeasuredwhenhehearsthetranslatedutterance,this
informationcouldbeusedasan indicatorfor thetranslationquality. Note that theparameters
taskdemandanduserstatearenotusedhereexplicitly, however it mightbeaplausiblehypoth-
esisthatthedegreeof confusionis correlatedwith thedegreeof taskdemand,sinceaconfused
userwill mobilizemorementalresourcesto determinethemeaningof anutterancehecouldnot
understandatonce.

Thishypothesisis supportedby �ndings from [Applied AnthropologyInstitute,2001]and[De-
fayolleet al., 1971]who reportthatmentalconfusionis oftenassociatedwith thestateof ”ex-
tremealertness”which canbe identi�ed by distinctpatternsin theEEG.(For therelationbe-
tweenalertnessandtaskdemandpleasereferto section2.3.2.) In thesestudiesa very high de-
greeof confusion,leadingoftento disorganizedbehavior, hasbeenconsideredhowever. There-
fore it remainsto beinvestigatedwhetherEEGcorrelatesof confusioncanalsobedetectedin
theabove describedscenario.

1.2.3 Measure Usability

Probablytaskdemandinformationcanbeusedaswell for theevaluationof theusabilityof interfaces.
Using the underlyinghypothesisthat an electronicdevice (e.g. a cell phone,a PDA, a radio,an air
conditionor anavigationsystemin acar)whichis di� cult to operaterequireshighermentalresources
duringoperation,taskdemandcouldbeuseddirectly asan indicatorfor usability. ThusEEGbased
taskdemandestimationcouldbeusedasa tool in ergonomics.

Althougha few yearsagoit hasbeenproposedto useEEGfor usabilityassessment[Beeret al.,
2003],to our currentknowledgeno researchhasbeenconductedyet which providesevidencefor or
againsttheabovehypothesis.Only therelationsbetweenEEGandattitude,satisfactionor acceptance
in thedomainof userinterfacedesignhave beeninvestigated[Nielsen,1993].

Note that for many aforementionedapplicationsEEG datais certainlynot the only sourceof infor-
mation. Otherphysiologicalparameterssuchasthe electrocardiogram(the ECG, i.e. the electrical
heartactivity) or theelectromyogram(the EMG, i.e. theelectricalmuscularactivity), methodslike
eyetrackingor headtrackingandothertechniquesfrom computervisionor speechandlanguagepro-
cessingcancertainlyprovideusefulinformationfor theseapplicationsaswell. Physiologicaldataand
particularlyEEGdataseemhowever to becomplementaryin many aspectsto theseothermodalities
which makestheir investigationparticularlyinterestinghere.A fusionof di� erentmodalitiesshould
beanimportantgoal towardsthedevelopmentof intelligentuserinterfacesandtoolswhich enhance
communicationbetweenindividuals.
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1.3 Ethical Considerations

Whenuserstateor mentaltaskdemandaredeterminedfrom individualsin every daysituations,very
personalandsensitive datais collected.Thusit is importantto handlethisdataverycarefullysinceit
might easilybeusedto o� endpeoplesprivacy. Theperformanceof employeesor their actionscould
beeasilytrackedusingtherecordeddata.Userstateinformationmightbeusedfor exampleto �nd out
how muchtime peoplespendon otherthanwork tasksduring their o� ce hours;informationabout
mentaltaskdemandduring the executionof a speci�c taskcould indicatehow well an applicantis
suitedfor acertainposition.

Theresearch workreportedin this thesishasclearlynotbeendoneto encourage thedevelopment
of applicationsaimingat theseor similar purposes.

Ratherthento control the user, the collectedinformationshouldbe usedto give the userbetter
control over his environment. As mentionedabove, onereasonto determineuserstateandtaskde-
mandis to enhancetheuser's ability to interactwith electronicdevicesandto enablethesedevices
to behave accordingto the userswisheswithout requiringexplicit input. However this canonly be
grantedif theuserhascompletecontrolover thecollectedinformationandover thedevicesusingit.
Thatmeansin particularthattheusermustbeableto choosedesireddevicecon�gurationsfor agiven
userstateand/or taskdemandlevel himselfandhemustnotbeforcedto acceptany presetcon�gura-
tion. Thelattermight for exampleleadto a situationwherein orderto increasetheproductivity of an
employee,phonecalls,text messagesetc. from his family or friendsareblockedwhile heis not in the
userstateof resting.This would take him away from controllingtheuseof thecollecteddatawhich
is clearlynotdesirable.

In this context it is alsoimportantto point out thedi� erencebetweenthis work andtheDARPA
AugmentedCognition(AugCog)programwhereimportantgoalsarethe identi�cation of cognitive
statesand the assessmentof mentaltask demand[Schmorrow and Kruse, 2002]. In the AugCog
programthe informationaboutcognitive statesshall be usedto increaseoperatorperformanceby
presentinghim informationappropriatelyaccordingto his currentstateandthusto avoid cognitive
overload.Thatimpliesthattheoperatorhasto allow therecordingof hiscognitive statecontinuously
in order to be able to ful�ll the task assignedto him. He hasno choicehow datais presentedto
him, i.e. which view of the real datahe cansee.This might arousethe feelingof theoperatorthat
he is degradedto a kind of ”computer”himselfwhich hasto ful�ll a certaintaskwithout having the
controlover thewholesituation.While this maybeappropriatefor somemilitary applications,it is
not acceptablefor an individual in a o� ce or meetingenvironment. Hereeveryonemustbe ableto
controlhimselfhow andwhenwhich kind of informationis presentedto him, i.e. hemustbeableto
con�gure thedevicesaroundhim himselfasmentionedabove. Additionally it is importantthatusers
shouldwearEEGdevicesonly voluntarilyandthey shouldalwaysbeableto switchthemo� .

Furthermoretheusermustknow exactly whathappenswith thecollecteddataandit mustbehis
own decisionwhetherhewantsto sharethedatawith others,e.g.with aspeaker to givehim feedback
abouthis talk, or not. In the meetingor lecturescenariodescribedabove, it is importantthat for
privacy reasonsthespeaker canonly seethepredominantuserstateandtheaverage taskdemandof
his audiencebut that the dataof particularindividualsremainshiddento him. Otherwisesuchdata
mightbeusedfor exampleto �nd outwhichstudentsdonot listento a lectureor whichemployeesdo
notpayattentionduringapresentationof theirboss.

Finally EEG devices for userstateand task demandrecordingsshouldbe preferablypersonal
devicesusedonly by their owner, sincethis allows him to recordinformationabouthis mentalstate
andhistaskdemandwheneverhewantsanduseit for thepurposehewantsto useit. Also for hygienic
reasonsusersmaynot wantto wearanEEGdevice which hasbeenpreviously usedby someoneelse
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(unlessit hasbeencleanedthoroughlywhich is time consuming).

1.4 Contributions

In this researchwork several state-of-the-arttechniquesfrom the domainsof machinelearningand
signalprocessingareappliedto theproblemsof userstateidenti�cation andtaskdemandestimation
from EEGdata.Theselectionof appropriatemethods,their combination,their adaptationto thespe-
ci�c requirementsof EEGdataand�nally thecarefulevaluationanddiscussionof their performance
representimportantscienti�c contributionsof this research.

As alreadymentioned,theresearchwork presentedhereis to beseenasa�rst attemptto construct
asystemfor userstateidenti�cation andtaskdemandestimationusingEEGdatain everydaymeeting,
lectureor o� ce scenarios.To date,no publicationscould be found concerningthe applicationof
EEG datain thesescenarios.Particularly the attemptto reachthe goalsformulatedin section1.1
distinguishesthis work from other researchwhich is concernedwith computationalprocessingof
EEGdata.

Also twomorepracticalcontributionsshallbepointedoutherewhichaddressthegoalsformulated
in section1.1:

� To illustratethefeasibilityrecordingdeviceswhicharemorecomfortableto wearthanstandard
clinical equipment,a headbandwith four build-in electrodeshasbeendeveloped(see�gure
5.2). This canbe seenasa �rst steptowardsrecordingdeviceswhich aremoreacceptableto
wearin everydaysituations.

� Furthermorea prototypesystemhasconstructedwhich demonstratesthat the identi�cation of
realisticuserstatesis possiblein realtimeandin ascenariowhichhaslittle in commonwith the
well de�ned laboratoryconditionsduringclinical EEGrecording(seesection6.1.10).Notethat
the sameuserstatesandthesamerecordingconditionswerealsousedfor the datacollection
conductedin thiswork (seechapter5).

1.5 Overview

Figure1.2givesanoverview of thedevelopedsystemandillustratesthetasksto beaccomplishedto
derive a hypothesisfor thecurrentuserstateandtaskdemandlevel from theraw EEGdata.For each
of thetaskoneor morepossiblemethodsareinvestigated.

As a �rst step,artifactsintroducedin the raw EEGdata(50Hzor 60HzAC noise,muscularac-
tivity, eye movementsetc.) mustbeeliminated.We concentratehereon eye activity relatedartifacts
andattemptto useindependentcomponentanalysis(ICA) for their detectionandremoval. Fromthe
artifact freedatafeaturevectorsareextractedrepresentingthe frequency contentof thedatausinga
shorttime Fouriertransform(STFT).Thenaveragingover a historyof k featurevectorsis performed
andfeaturesarenormalizedto reducenatural�uctuationsandunwantedvariability in thedata.Since
thefeaturespacehasa very high dimension,thebene�t of featurereductionmethodsis investigated.
Finally arti�cial neuralnetworks (ANNs) andsupportvectormachines(SVMs) areusedasclassi�-
cationtechniquesfor userstateidenti�cation. Theseclassi�cationtechniquesarealsoapplicablefor
the estimationof di� erenttask demandlevels. However sincetask demandis an ordinally scaled
parameter, also variantsof ANNs and SVMs for regressionestimationand a simple linear model
(OLS-Regression)areappliedfor thispurpose.
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Figure1.2: Overview of thesystemfor userstateidenti�cation andtaskdemandestimation.

The remainderof this thesisis organizedasfollows. In chapter2 basicsof brain anatomyand
physiologyarepresented,an overview over several techniquesfor monitoring brain activity (with
specialemphasison the EEG) is provided and the neuralcorrelatesof di� erentuserstatesandof
mentaltaskdemandareexplainedbrie�y . Otherresearchdealingwith thecomputationalprocessing
of brain activity is reviewed in chapter3. Chapter4 describesthe methodsusedin the developed
system.Thedatacollectionis presentedin chapter5 andtheresultsfrom theexperimentsconducted
for this work aresummarizedin chapter6. Conclusionanddirectionsfor future work aregiven in
chapter7.



Chapter 2

Bio-Medical Background

Our ability to observe theactivity of theliving brainis very limited. Currenttechniquesfor monitor-
ing brainactivity canonly provide informationaboutanextremelysmall fractionof thoseprocesses
which areresponsiblefor our actions,our thinking andalsoour consciousness.To give thereaderan
impressionof thehugecomplexity of thebrain,section2.1 reviews brie�y basicsof brainanatomy
andphysiology. A specialemphasisis put on thoseprocessescausingtheEEG.In section2.3neural
correlatesandin particularEEGcorrelatesof di� erentmentalstatesandof varyingtaskdemandlev-
elsareexplainedwhich representthebio-medicalfoundationfor theresearchpresentedhere.Finally
somenone-invasive techniquesfor monitoringbrainactivity areintroducedin section2.2andit will
becomeclearthatdueto limitationsin spatialor temporalresolutionof thesetechniques,to dateonly
very incompleteinformationaboutongoingprocessesin thebraincanbevisualized.

2.1 Anatomy and Physiologyof the Brain

Thehuman's centralnervoussystemconsistsof thespinalcordandthebrain. Oneof its tasksis to
processandto integrateincomingsensorystimuliwhicharereceivedviaperipheralnerves(a� erences)
andto give impulsesbackto actuators,e.g. to musclesor glands(e� erences)which causeautomatic
or voluntaryaction. Furthermorethe centralnervous system,particularly the brain, is responsible
for higher integrative abilities suchas thinking, learning,productionandunderstandingof speech,
memory, emotionetc.Finally vegetative functionssuchasrespirationandthecardio-vascularsystem
arecontrolledby thecentralnervoussystem.

2.1.1 Brain Anatomy

Anatomically� vebasicpartsof thebraincanbedistinguished[Faller, 1995]asshown in �gure 2.1:

Cerebrum: The cerebrumwhich is locateddirectly under the skull surface is the largestpart of
the brain. Its main functionsare the initiation of complex movement,speechand language
understandingand production,memoryand reasoning. Brain monitoring techniqueswhich
make useof sensorsplacedon thescalpmainly recordactivity from theoutermostpartof the
cerebrum,thecortex. More insidethecerebrumthebasalganglionscanbefoundwhichconsist
of a numberof nuclei controlling the extendandthe directionof slow movements.Also the
thalamusis locatedherewhichdirectssensoryinformationto appropriatepartsof thecortex. A
moredetailedexplanationof thecortex anatomyis givenbelow, sincethisbecomesparticularly
importantin latersectionsof thiswork.
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Figure2.1: Di� erentanatomicalpartsof thehumanbrain,with modi�cationsfrom [Scienti�c Learn-
ing Cooperation,1999]

Diencephalon: Oneimportantfunctionof thediencephalonis theforwardingof sensoryinformation
to otherbrainareas.Besidesthat, it containsthehypothalamuswhich controlsthebody tem-
perature,thewaterbalanceandtheingestionto assurethestateof homeostasisfor thebody, i.e.
”goodworkingconditions”for all bodycells.

Cerebellum: The coordinationof all kinds of movementsis donein the cerebellum.Thereforeit
cooperatescloselywith structuresfrom the cerebrum(e.g. the basalganglions).Cerebellum
andcerebrumareconnectedvia thePons.

Mesencephalon:Thelargestpartof thereticularsystem(theformatioreticularis)is locatedhere.It
controlsvigilanceandthesleep-wake rhythm.

Medulla oblongata: Themedullaoblongataconnectsthebrainwith thespinalcord.Respirationand
thecardiovascularsystemarecontrolledby thatpartof thecentralnervoussystem.Furthermore
ahugenumberof peripheralnervespassthroughthemedullaoblongata.

Comparedto the brainsof othermammals,the humanbrain hasthe largestandbestdeveloped
cortex. Neuralprocessesrelatedto abilitieslike complex reasoning,speechandlanguageetc. which
distinguishhumansfrom othermammalstake placein thatpartof thebrain.

Thecortex consistsof two hemisphereswhich areconnectedvia a beamcalledcorpuscallosum
(see�gure 2.1). Eachhemisphereis dominantfor particularabilities. For right handedpersonsthe
right hemisphereis activatedmoreduring the recognitionof geometricpatterns,spatialorientation,
the usenon verbalmemoryandthe recognitionof non-verbalnoiseswhile moreactivity in the left
hemispherecanbeobservedduring therecognitionof lettersandwords,theuseverbalmemoryand
auditoryperceptionof wordsandlanguage.Notehowever thatthishemisphericasymmetryis usually
notverypronouncedandin casesof injuriesonehemisphereis oftenableto ful�ll tasksfor which the
otheronewaspreviouslydominant[SchmidtandThews,1997].
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Figure2.2: Di� erentcortex lobes,with modi�cationsfrom [Scienti�c LearningCooperation,1999].

Eachhemisphereis partitionedin � ve anatomicallywell de�ned regions,the so calledlobesas
depictedin �gure 2.2. Thefunctionsof particularlobesareexplainedin section2.3.1.

2.1.2 Brain physiology

Thebasicunit for informationprocessingin thebrainis theneuron.As shown in �gure 2.3a neuron
consistsof dendriteswhich collect informationfrom otherneurons,thesomawherethis information
is processedandtheaxonwhich transfersprocessedinformationto otherneurons.In the following
signalswhich aredirectedto a neuronarereferredto asa� erences, signalswhich �o w away from
theneuronvia theaxonarereferredto ase� erences. Note that this terminologyis usedaswell for
theneuralinformation�o w in thewholebody: A� erencesdenotehereall kindsof signalswhich are
directedto thebrain,e� erencesaresignalswhich �o w away from thebrain.

The frequencyof theelectricalimpulsesis usedto codeinformationin theaxon,i.e. thehigher
theimpulsefrequency, thestrongertheintensityof thetransmittedsignal.Thepointwheretheendof
anaxongetsin contactwith a dendriteor with thesomaof a neighboringneuronis calledsynapse.
At thesynapsea chemicalreactiontakesplacewhich allows the�o w of certaintypesof ions in and
outof thepost-synapticneuron.Therateof theion �o w is controlledby theimpulsefrequency in the
(pre-synaptic)axon.Thusthefrequency codingof informationin theaxonis changedto anamplitude
codingin thepost-synapticneuron.For certaintypesof axonspositive ions(Na+ orCa2+) movein the
post-synapticneuronwhichcausesanexcitatorypost-synapticpotential(EPSP),for othertypesposi-
tiveions(K+) moveoutof thepost-synapticneuronwhichcausesaninhibitory post-synapticpotential
(IPSP).In thesomaall thesepotentialsaresummedup (EPSPsarepositive, IPSPsarenegative) and
if thesumexceedsa certainthresholdan impulseis givenon theaxon(of thepost-synapticneuron)
with a frequency which is proportionalto thesumof all EPSPsandIPSPs(�gure 2.4). Note thatat
thatpointamplitudecodingof informationis convertedbackto frequency coding.

In the restof this sectionthe relationbetweenthe neuralinformation transferand the EEG is
outlinedfollowing [Zschocke,1995].

The ion �o w relatedto EPSPsandIPSPscausespotential�uctuations in theextra cellularspace
which arecommonlyreferredto as cortical �eld potentials. Thesepotential�uctuations exhibit a
dipolestructurewhich is explainedhereonly for anEPSP. (Theexplanationfor IPSPsis analogous):
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Figure2.3: Main componentsof aneuron.At thesynapsesinformationbetweenneighboringneurons
is exchanged.In this �gure theaxonis myelinatedasin mostcaseswhich is a meanto speedup the
signaltransfer.

Figure2.4: Informationtransferbetweenneurons.Thethicknessof thelinesin thesomasymbolizes
thesignalamplitude.Seetext for explanation.
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Figure2.5: Dipole structureof cortical �eld potentialsfor a singleneuron(a pyramid cell). With
modi�cationsfrom [Zschocke,1995]

An EPSPis causedwhenat the subsynapticmembranea larger quantityof positive ions moves
in thepost-synapticneuronasexplainedabove. This makestheouterpartof this membranesegment
appearmorenegative(becauseof thelackof positive ions)thanall otherpartsof themembraneof the
sameneuronwherethenumberof positive ionscanevenincreasedueto capacitive e� ects.Thuswe
have a smallnegative poleat thesubsynapticmembranesegmentanda relatively largepositive pole
at all othermembranesegmentsasshown in �gure 2.5 for theexampleof a pyramid cell. Pyramid
cellsaremainly locatedin thehumancortex andthey playanessentialrolefor theEEG.An important
characteristicof this typeof cells is thatthey have oftensomevery long dendriteswhich point to the
outmostpartsof thecortex.

If now afew thousandsof neuronsareexcitedsynchronouslyandthecorrespondingdipolespoint
in the samedirection,potentialdi� erencesbetweenthe point on thescalpabove theseneuronsand
a constantreferencepoint canbe registeredwhich arecommonlyreferredto as EEG (�gure 2.6).
Note that not only cortical mechanisms,but alsothe thalamus(a collectionof nuclei locatedin the
cerebrum)is responsiblefor the synchronizationof neuralactivity in the cortex suchthat potential
�uctuations in theEEGcanbeobserved. Thethalamusin turn is largely in�uenced by the formatio
reticulariswhichhasanimportantfunctionin thecontrolof vigilance.Moreinformationabouttherole
of the thalamusandthe formatio reticularisconcerningthe brainactivity relatedto di� erentmental
statesandto di� erentlevelsof taskdemandis providedin section2.3.

Only very view neuronsof thebrainactuallycontribute to theEEG.Pyramidcellsarethemain
sourcesof cortical �eld potentials.But only 1

3 of all pyramid cells in the cortex have in�uence on
theEEGbecausethey have anorientationwhich is perpendicularto thebrainsurface.Only for these
cellsasynchronousactivationcancauseasuperpositionof dipoleswhosesumis largeenoughsothat
potential�uctuationscanbemeasuredat thescalp.Suchadipolecon�gurationis calledthenanopen
dipole�eld (the�rst of thefour examplesin �gure 2.6). A closeddipole�eld which hasno e� ecton
theEEGis generatedwhendi� erentdipolesneutralizeeachother. This canhappenfor anensemble
of pyramidcellswhichreceivea� erencesfrom oppositedirections(the�fth examplein �gure 2.6),or
for non-pyramidcellswhereoneneuronreceivesa� erencesfrom multipledirections.Starcellswhich
connectpyramidcellsin thecortex in variousways(�gure 2.7)areanexamplefor that.

Fromthisbrief summaryof thephysiologicalprocessesunderlyingbrainactivity andin particular
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Figure2.6: Synchronizedneuronactivity causingpotentialdi� erenceswhich canbemeasuredat the
scalp.Thedipolesaredepictedby thearrows. Notethatby conventionpositive potentialdi� erences
correspondto amplitudeswith downward orientationandnegative potentialdi� erencesto amplitudes
with upward orientation.

Figure2.7: A closeddipole�eld generatedby a starcell. A� .: A� erencescausinga negative poleat
theouterendof thedendrites.

of thoseprocessesgeneratingthe EEG,we concludethatmostbrainactivity remainshiddento this
monitoringtechnique.ThereforeEEG signalsarecertainlynot suitableto make �ne grainedinfer-
encesaboutneuralprocessesin thebrain.In section2.3it will beexplainedhowever, thatnevertheless
a lot of informationaboutmentalstatesandmentaltaskdemandcanbeextractedfrom thepotential
di� erenceswhicharemeasuredusingscalpelectrodes.

2.2 Monitoring Brain Activity

After in the previous sectionthe mechanismsrelatedto brain activity have beenexplained,several
techniquesfor monitoringthis activity shall be reviewed in this section. The following monitoring
techniquesarecommonlyappliedin themedicaldomain:
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� Electroencephalography (EEG)

� Magnetoencephalogtaphy (MEG)

� FunctionalMagneticResonanceImaging(fMRI)

� FunctionalNear-InfraredSpectroscopy (fNIRS)

� SinglePhotonEmissionTomography(SPECT)

� ProtonEmissionTomography(PET)

They canbeclassi�edusingseveralcharacteristics:

� Intrusiveness

� Spatialresolution

� Temporalresolution

� Physiologicalparameterwhich is monitored

� Resourcesrequiredfor operationof themonitoringdevice

� Applicability asportabledevice

In this sectionthe key ideasof the di� erentmonitoringtechniquesareexplainedandcompared
accordingto thecharacteristicsenumeratedabove. Sincetheexperimentalpartof thiswork is focused
on EEG, this techniqueis reviewed in greaterdetail, following mainly [Zschocke, 1995] and[Bolz
andUrbaszek,2002] if no other referenceis mentionedexplicitly. A gooddescriptionof all other
monitoringtechniquescanbe found in [Dössel,2000],exceptfunctionalnearinfraredspectroscopy
which is describedfor examplein [Izzetogluet al.,2004].

2.2.1 The Electroencephalogram(EEG)

TheEEGwhich canberecordedat thescalphasamplitudesbetween0� V and80� V anda frequency
rangebetween0Hz and80Hz [SchmidtandThews, 1997]. For several reasonsthe potentialdi� er-
enceswhich canbe measuredbetweentwo pointsof the scalparevery di� erentfrom thosewhich
couldbemeasuredwhenelectrodeswereimplanteddirectly in thebrain,i.e. whentheactivity of the
potentialgeneratorscouldbemeasureddirectly:

1. A superpositionof potentialsgeneratedin di� erentareasof thecortex is measuredusingscalp
electrodessincebraintissueandtheliquor areconductive (volumeconduction,�gure 2.8).

2. The amplitudeof the originally generatedpotentialdi� erencesis attenuatedbecauseof the
resistive propertiesof thetissuebetweenthepotentialgeneratorsandtheelectrode(e.g. liquor,
skin,boneof theskull).

3. Capacitiescausedby cell membranesandotherinhomogeneities(e.g. liquor-skull, skull-skin)
betweenpotentialgeneratorsandelectrodesin�uence the amplitudeof the EEG signalsasa
functionof their frequency assketchedin �gure 2.10.

A diagramof theresistive andcapacitive elementsbetweenpotentialgeneratorsandelectrodesis
depictedin �gure 2.9.
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Figure2.8: Volumeconductionin thebrain. Bold lines indicatea strongerimpacton the measured
signal,sincethedistancefrom thecorrespondingpotentialgeneratorto thescalpelectrodeandthus
thetotal resistanceis smaller.

Figure2.9: Resistive andcapacitive elementsbetweenpotentialgeneratorsandscalpelectrodesac-
cording to [Dössel,2000] and [Bolz and Urbaszek,2002]. For simplicity only one tissuecell is
shown. Re: resistanceof theextra-cellularspace(theliquor), Ri: resistanceof theintra-cellularspace,
Rm: membraneresistance,Cm: membranecapacity, Rs: resistanceof skin andskull, Cs: capacity
representingall inhomogeneitiesat theboundaryof liquor, skinandskull.
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Figure 2.10: In�uence of capacitiescausedby inhomogeneitiesbetweenpotentialgeneratorsand
electrodeson theEEGamplitudeasa functionof EEGfrequency. Sketchedusinga few datapoints
from [Meyer-Waarden,1985]

2.2.1.1 ElectrodePositions

The positionsfor EEG electrodesshouldbe chosenin a way, that all cortex regions which might
exhibit interestingEEGpatternsarecovered.For mostapplicationsthis is usuallythewholecortex.
An internationallyacceptedstandardfor electrodeplacementsis the10-20system1introducedin 1957
by theInternationalEEGFederation[Jasper, 1958]. During all experimentsconductedfor this work
electrodeswereplacedaccordingto the10-20system.

Threeanatomicalreferencepointsmustbedeterminedbeforethe10-20systemelectrodepositions
canbefound(�gure 2.11):

Nasion: Theonsetof thenoseon theskull, below theforehead.

Inion: Thebony protuberancewhichmarksthetransitionbetweenskull andneck.

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

Figure2.12shows the19electrodepositionsof the10-20systemin theirprojectiononthecortex.
Thenamefor a particularelectrodepositionre�ects theanatomicalregion of thecortex above which
it is located.Fp standsfor frontopolar, F for frontal, T for temporal,C for centralP for parietal,O

1Thereasonfor thenameº10-20systemºis thatelectrodesareplacedatdistancesof 10%or 20%of thelengthof several
connectionsbetweensomereferencepointsasdescribedbelow.
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Figure2.11:Anatomicalreferencepointswhich representthestartingpointsfor �nding theelectrode
positionsde�ned by the10-20system(with modi�cationsfrom [Zschocke,1995]).

for occipitalandA for auricular. G denotesthegroundelectrode.Evennumbersdenotetheright part
of the head,odd numbersthe left part. The following procedurecanbe usedto �nd the electrode
positionsusingtheabove de�ned anatomicalreferencesasstartingpoints:

1. TheconnectionNI from nasionto inion via thetopof theheadis measured.Beginningfrom the
nasion,thepoint Fpzis placedafter10%of NI, theelectrodesFz,Cz,Pzandthepoint Oz are
placedeachafterproceeding20%of NI from thepreviousposition.(No electrodesarelocated
at thepointsFpzandOzbut they areusedto �nd thepositionsof otherelectrodes.)

2. TheelectrodesA1 andA2 areplacedat the left andright earlobes. TheconnectionPA from
onepre-auricularreferencepoint to theotheronevia theelectrodepositionCz(whichhasbeen
determinedbefore)is measured.After 10%of PA above both referencepointstheelectrodes
T3 andT4 areplaced.20%of PA above T3 andT4 theelectrodesC3andC4areplaced.

3. TheconnectionFO1 betweenthepointFpzandOz is measuredvia thepositionT3. Startingat
FpztheelectrodeFp1is placedafter10%of FO1, theelectrodesF7,T5 andO1areplacedeach
afterproceeding20%of FO1 from thepreviouselectrode.In ananalogousway theconnection
FO2 betweenFpzandOz via T4 is measuredandtheelectodesFp2,F8,T6 andO2 areplaced
accordingly.

4. TheelectrodeF3 is placedat half thedistancebetweenF7 andFz, theelectrodeP3is placedat
half distancebetweenT5 andPZ. In thesamefashiontheelectrodesF4 andP4areplacedon
theothersideof thehead.

WhenrecordingEEG with commonlyavailableEEG-capsor otherstandardrecordingdevices,
the procedurefor determiningthe electrodepositionsneedsnot to be repeatedprior to eachdata
acquisitionsession.However theaccuracy of electrodeplacementsoftensu� erswhen�e xible EEG-
capsareused.Althoughusuallydi� erentcapsexist for di� erentheadcircumferences,it cannot be
guaranteedthat for eachindividual electrodesareplacedexactly at thepositionsde�ned by the 10-
20-system.Thereforein clinical EEGrecordingsthewholeprocedureasdescribedabove is usually
carriedoutprior to eachsessionwhichis extremelytimeconsumingbut whichguaranteesontheother
handexactelectrodepositions.For EEGrecordingin thecontext of userstateidenti�cation andtask
demandassessment,it is importantthatelectrodescanbeattachedveryquickly. For thatreasoneither
�e xible EEG-capsor otherrecordingdeviceswhich aremorecomfortableto wearandeveneasierto
attach(seealsosection5.1)aresuitablefor thatpurpose.
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Figure2.12:Electrodepositionsof the10-20system(with modi�cationsfrom [Zschocke,1995])

The19 electrodesof the10-20systemaresu� cient for mostclinical purposes.Dueto improved
ampli�er technology, for specialapplicationsmuchmoreelectrodes(up to 128)canbe used,which
areusuallyplacedaccordingto variousnon-standardizedconventionsin eachEEGlaboratory. Note
thatalsoextensionsof the10-20systemwith acoupleof moreelectrodesexist whichareacceptedas
quasi-standards.

2.2.1.2 ElectrodeMontage

The term ”electrodemontage”refersto the variousways in which the signalsfrom di� erentelec-
trodescanbe combinedbeforeampli�cation [Niedermeyer anddaSilva, 1987]. Two generallydif-
ferentmethodsfor connectingEEGelectrodesto theampli�er canbedistinguished:bipolarelectrode
montageandcommon-referenceelectrodemontage.In bothcasestheEEGis measureddi� erentially,
i.e. thedi� erencebetweenthepotentialof two electrodes(or betweenoneelectrodeandtheaveraged
potentialof asetof electrodes)is measured.

For a common-referencemontagethe EEG signalsrepresentthe di� erenceof the potentialsof
eachelectrodeandoneor morereferencepointswhichall electrodes(or at leastasubsetof electrodes)
have in common.Therearegenerallytwo criteriafor goodreferencepoints:

1. They shouldbefar enoughaway from thecortex, sothatno brainactivity is capturedwith the
referenceelectrode.

2. They shouldbe at a positionwhereartifactsintroducedby otherphysiologicalprocessesare
low.

Thereforea referenceat thehandor at the legs,which would beideal to ful�ll the �rst criterion,
is not reasonable,sincelargeartifactsoriginatingfrom theECGwould contaminatethesignalin that
case.

Whenonly onereferencepoint is usedfor all electrodesor for eachsubsetof electrodes(natural
reference),electrodeA1 is often usedasreferencefor the EEG electrodesover the left half of the
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cortex andelectrodeA2 for thoseover the right half. Anothercommonchoiceis to useelectrode
Cz asreferencefor all otherelectrodes.As setsof referenceelectrodeswhosepotentialis averaged
beforecalculatingthe potentialdi� erencebetweenEEG electrodeandreferencesthe electrodesA1
andA2 or even all electrodescanbe used(technicalreference).Although the latter casehassome
advantagessinceartifactsintroducedby oneelectrodefrom the referencesethave a lower impact,
it hasthedisadvantageof a spatiallow pass.Theactivity of eachelectrodeis mappedwith a small
amplitudeto all otherelectrodechannelsbecauseeachelectrodeis partof thereferenceset.

The ideaof bipolar electrodemontagesis that alwaysthe di� erencebetweenneighboringelec-
trodesis taken. This hasthelargedisadvantagethatnot the”real” EEG,i.e. anapproximationof the
dipolecon�gurationbelow eachelectrodeis measuredbut thedi� erencebetweenthedipolecon�gu-
rationsbelow adjacentelectrodes.In themedicaldomainbipolar recordingsareinterestinghowever
to detectthespeci�c locationof particularprocesses:if oneprocesstakesplacebelow two electrodes,
therewill beazerosignalfor therecordingof exactlythesetwo electrodes.A specialcaseof abipolar
electrodemontageis thelaplacianmontage.Hereall neighborsof oneelectrode(up to 8 electrodes)
areincludedin thesetof references.This is advantageousfor somespecialclinical applications.

Finally groundelectrodesarerequiredto reducenoisefrom theAC power lineswhich is present
in thewholebodyandthusalsocontaminatesthemeasuredsignals.Intuitively speakingtheground
electrodegivesthenoisesignalthepossibility to �o w out of thebodyagainsta comparatively small
resistance.Thereforethe noisetakespreferablythe pathvia the groundelectrodeandnot via other
electrodesso that the measuredsignal is contaminatedless. (It is alsopossibleto give a signalon
thegroundelectrodewhich is inverseto thenoisesignal,so that bothsignalsannihilate.This is an
appropriatemeanfor evenmoree� ective noisereduction.) In the10-20systemthepositionfor the
groundelectrodeis closein front of thepositionFz (see�gure 2.12). However alsootherpositions
for groundelectrodesarepossibleaslong asthey captureaslittle muscularactivity aspossible,since
thiswould introduceartifactsin all electrodechannels.

2.2.1.3 Electrodes

Electrodesarethemostcritical componentswhichdeterminetheEEGsignalquality. It is their taskto
mediatebetweentheion basedtransportof electricalchargein thetissueandtheelectronbasedcharge
transportin copperwireswhich leadto theampli�er. In thetissueanelectrolyteis responsiblefor the
conductionof electricity. This is typically NaCl which dissociatesto Na+ andCl � ions in a watery
solution.Theelectrodehowever getsonly in contactwith theskinwhich is relatively dry andusually
not permeablefor theelectrolytein thebody. Thereforeit is essentialto useanadditionalelectrolyte
(in form of electrodepaste)whichpermeatestheskinandthusestablishesaconnectionbetweenbody
electrolyteandthemetalphaseof theelectrode.As a consequencetheresistanceandthecapacityof
theskin (Rs andCs is �gure 2.9)decreaseby someordersof magnitudewhenusingelectrodepaste.
Only thismakesEEGrecordingpossible.

The interactionbetweenmetalphaseandelectrolytephasemainly determinesthe propertiesof
an electrode. Due to di� erentelectro-chemicalpropertiesof both phaseselectronstend to move
preferablyfrom metalto theelectrolyteor viceversa,until acertainpotentialdi� erencebetweenboth
phasesis reached.Thispotentialdi� erenceis calledelectrodepotentialor equilibriumpotentialsince
chemicalandelectricalpotentialdi� erencesbetweenelectrolyteandmetalarein theequilibriumhere.
Becauseof theelectrodepotentialpolarwatermolecules(whicharecontainedin theelectrolyte)attach
themselvesat theboundarybetweenbothphasessothata doublelayer(ionsandwatermolecules)is
formed, the Helmholtz double layer. This double layer is not easily permeablefor electronsand
thereforeit representsacapacity(�gure 2.13).Neverthelessanexcessof electronsateithersideof the
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Figure2.13: The Helmholtzdoublelayer. Sincethe potentialof the metal ' m is smallerthan the
electrolytepotential' e, thehydrogenmoleculesof thewaterdipolespoint themetalside.

Figure2.14:Electricaldiagramof anelectrode.Ch andRf representthecapacitive andresistive parts
of the impedanceat theboundarybetweenelectrolyteandmetalphase(i.e. at theHelmholtzdouble
layer).They varywith di� erentfrequencies.Rz is theresistanceof theelectrolyte.

doublelayerleadsbesidesacapacitivecurrentalsoto aresistivecurrent,i.e. arealtransferof electrons
betweenbothphases,resultingin theelectricaldiagramof theelectrodeasshown in �gure 2.14. A
DC sourceparallelto thecapacityCh andtheresistanceRf , representingtheelectrodepotentialwhich
varieswith the currentrequiredfor the measurementshouldbe includedin the chartaswell. For
simplicity it hasbeenomittedherehowever sinceits in�uence canbe modeledby changesof the
resistanceRf , which is a valid assumptionfor the furtherexplanationsin this section.Rz represents
theresistanceof theelectrolyte.

Fromthechartin �gure 2.14it canbeseenthatif Rf ishigh,mostchargeis transferredcapacitively
andasaconsequencesignalswith lower frequenciesareattenuatedsigni�cantly dueto theproperties
of acapacity. ThisimpliesthatRf shouldbekeptaslow aspossible.FurthermoreCh andRf varywith
thefrequency andwith thecurrentdensityof themeasuredAC signalassketchedin �gure 2.15.It can
be seenthat especiallyfor highercurrentdensitiesimpedancesvary a lot with the signalfrequency
which largely distortsthe original signal. (In particularRf becomeshigherwhena highercurrent
densityis requiredfor themeasurementsinceonly a limited amountof electronscanpassthedouble
layerperunit of time.) Thereforethecurrentdensityrequiredfor themeasurementshouldbekeptas
low aspossiblewhich is oneimportantdesigncriterionfor theampli�er.

We concludethat the idealelectrodeshouldhave a low Rf so that little of the charge exchange
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Figure2.15: Behavior of the complex electrodeimpedance(the real part correspondsto the resis-
tive component,the imaginarypart to the capacitive component)for di� erentcurrentdensitiesand
frequencies(from [Meyer-Waarden,1985]).

takes placecapacitively and the amountof electronswhich can passthe doublelayer at a time is
high. This assuresthatthewholeEEGfrequency rangeis distortedonly little by thepropertiesof the
electrode.

Two types of electrodescan be distinguished. Polarized(or reversible) electrodesand non-
polarized(or irreversible)electrodes.Polarizedelectrodesareusuallymadeof preciousmetals,mostly
goldor of stainlesssteel.For thetransferof electronsbetweenmetalandelectrolytephasereductions
andoxidationsmusttake placewhich requireanhigh excessof electronsat eitherside. Thatmeans
that theresistanceRf is comparatively high andthereforethe frequency rangeof theoriginal signal
is distortedlargely by the electrodeproperties.Non-polarizedelectrodeswhich aremadeof silver
(Ag) with a thin silver-chloride (AgCl) layer on top (Ag=AgCl electrodes)arestateof the art since
their resistive componentis muchlower. (Polarizedelectrodesareusedonly for specialapplications,
mostly signalregistrationinsidethe body, whereAgCl would be toxic.) The ideaof non-polarized
electrodesis thatcharge is never transfereddirectly betweenmetalandelectrolytebut that the AgCl
servesasmediator. Thechemicalreactionsrelatedto thechargetransferrequiremuchlessactivation
energy thantheoxidationandthereductionin caseof thepolarizedelectrodes.Thereforea smaller
excessof electronsat eithersideis requiredto initiate a realelectrontransfer, i.e. R f is considerably
lower comparedto polarizedelectrodesandit staysalmostconstantfor a largefrequency range,also
for highercurrentdensities.Thee� ectof thatcanbeseenin �gure 2.16:For theAg=AgCl electrodes,
thesignalamplitudesareonly attenuatedsigni�cantly for frequenciesbelow 1Hz sinceonly for very
low frequenciesRf becomestoo large. Whenstainlesssteel(SS) electrodesareusedRf is already
largefor higherfrequencieswhich canbeseenin astrongersignalattenuationcomparedto Ag=AgCl
electrodes.

Theprincipleof non-polarizedelectrodesis depictedin �gure 2.17. In caseof anexcessof Cl �

ionsin theelectrolyte,Ag+ ionsaredrawn from theAgCl. Theresultinglackof Ag+ ionsin theAgCl
is coveredby new silver ionswhich fall out thesolidsilver andleave a freeelectrontherewhich then
”moves”to theampli�er. Toomany K+ ionsin theelectrolytedraw Cl � ionsfrom theAgCl sothatthe
excessof freeAg+ ionsremainswhich arethenintegratedin thesolid silver. During this integration
processanelectronis drawn from thecurrentsource.
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Figure2.16: Signalattenuationfor varying frequenciesfor Ag=AgCl electrodesandstainlesssteel
electrodeswith 1.0mm(SS1.0mm)and0.5mm(SS0.5mm)tip size,which areusuallyappliedfor
intracranialrecordings.With modi�cationsfrom [Niedermeyer anddaSilva,1987].

Figure2.17:Principleof non-polarizedAg=AgCl electrodeswith KCl electrolyte.Left: excessof Cl �

ionsin theelectrolyte,right: excessof K+ ionsin theelectrolyte.

2.2.1.4 EEG Ampli�ers

In section2.2.1.2is wasmentionedthatEEGsignalsareusuallymeasureddi� erentially, i.e. theam-
pli�er outputsthe di� erencebetweenthe signal from the electrodewhich capturesthe actualEEG
(henceforthreferredto asEEG electrode)andthe signalfrom the referenceelectrode(s).The EEG
electrodeis usuallyconnectedto thepositive inputof theampli�er (thereforethecorrespondingsignal
is referredto asUp in thefollowing), thereferenceelectrodeis connectedto thenegative input (there-
foreits signalis referredto asUn in thefollowing). Thereasonfor theapplicationof thismeasurement
techniqueis that it helpsto eliminatethesocalledcommonmodesignalUgl. This is mainly a 50Hz
or 60Hzsignalwhich is injectedcapacitively or inductively in thebody. Its amplitudeis at leastone
orderof magnitudehigherthanthesignalof interest,however it hasthesamephaseandamplitudeat
all positionsof thebody. Thuswe have
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Figure2.18:Principalof di� erentialEEGmeasurement.Seetext for theexplanation.

Up = UEEG + Ugl andUn = URef + Ugl

whereUEEG is thesignalfrom theEEGelectrodewithout thecommonmodenoiseandURef the
signalfrom thereferenceelectrodewithoutthecommonmodenoise.Usingdi� erentialmeasurements
the outputsignalUa ideally doesnot containthe commonmodenoiseUgl anymore (�gure 2.18).
Whenit canbeassumedfurthermorethat thesignalURef is mostlyconstant(URef = C), theoutput
of theampli�er Ua di� ersonly by ano� setfrom thepotential�uctuationsat theelectrodeof interest.

Due to tolerancesduring the manufacturingof the electroniccomponentsof the ampli�er the
commonmodesignalis never rejectedcompletely. ThereforeUa usuallyevaluatesto

Ua = � 1Up � � 2Un (2.1)

= � 1UEEG � � 2URef + (� 1 � � 2)Ugl

It canbe seenthat Ugl is not containedin Ua only if � 1 = � 2, i.e. if thesignalsUp andUn are
ampli�ed exactly equallywhich is never the casefor real ampli�ers. The commonmoderejection
ratio (CMMR) is an acceptedmeasureto quantify the ability of the ampli�er to rejectthe common
modesignal:

CMMR=
ampli�cation of theEEGsignal

ampli�cation of thecommonmodesignal
�

�z       }|        {
1
2

(� 1 + � 2)

j� 1 � � 2j

Thelatterapproximationis valid for smallvaluesof � 1 � � 2 comparedto � 1 and� 2.
AcceptableCMMRs mustbe larger than100000:1(100dB). For anampli�cation factorof � =

100 this correspondsto a toleranceof j� 1� � 2j
� = 0:1%. Note that the commonmodesignalis about

1000timeslarger thantheEEGsignal. Thereforethesignalto noiseratio is only 1 for a CMMR of
1000:1(60dB) while it is 100for a CMMR of 100000:1.

A secondimportantissuefor the designof EEG ampli�ers is that the input resistancehasto be
very high sincethis assuresthat the currentdensityfor the measurementis kept low. (The lower
the resistanceR in a circuit thehigherthecurrentI which �o ws for a certainpotentialdi� erenceU
following Ohm's law U = R� I .) A low currentdensityguaranteesthattheoriginal signalis distorted
aslittle aspossibleby theelectrodepropertiesasexplainedin section2.2.1.3.

Furthermoreahigh input resistanceof theampli�er makestheimpedancesof skinandelectrodes
negligible, which is importantto obtaina goodcommonmoderejection:For two di� erentmeasure-
mentpoints theseresistancesareusuallynot symmetric. If they playeda large role for the overall
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Figure2.19: Principleof voltageadaptation.Rs1 andRs2 arethe skin impedances,Re1 andRe2 the
electrodeimpedancesandRin1 andRin2 the input impedancesof the ampli�er. The averagesignal
amplitudefor bothchannelsbecomesapproximatelyequal,only aftertheinput impedances.

impedance,aconsequenceof thisasymmetrywouldbethatthecommonmodesignalwouldhavedif-
ferentamplitudesfor bothchannelswhichwoulddecreasetheCMMR sincethecommonmodesignal
could not be eliminatedby di� erentialmeasurements.Only if the electrodeand skin impedances
arenegligible low comparedto the ampli�er input resistances(which areequalfor both channels)
thevoltagedi� erencebetweenbothchannelsbecomessu� ciently small. This principle,commonly
known asvoltageadaptation,is depictedin �gure 2.19. Anotheradvantageof voltageadaptationis
that thein�uence of thefrequency dependency of theskin andelectroderesistancesis reducedsince
they aretoosmallto distortsignalamplitudessigni�cantly.

Sincea high input resistancecannotbecombinedwith a high ampli�cation for physicalreasons,
a resistanceconverterhasto beusedbeforeampli�cation. Theresistanceconverterhasthefollowing
properties:It hasa high input resistance,it alreadyrejectspartly the commonmodesignaland it
allowstheuseof anampli�er with alow inputresistancefor furtherprocessingwithoutmodifyingthe
frequency responseof thesignal.

Finally anEEGampli�er usuallycontainsa low passanda high pass�lter . Thehigh pass�lter
is necessaryto eliminateo� setsin thesignal,mainly producedby varyingimpedancesof theskin or
the electrodes(e.g. dueto sweatingor too little electrodegel). It is usuallyplacedafter the actual
ampli�er, sincetheampli�er itself canalsobethesourceof o� setsdueto manufacturingtolerances.
A low pass�lter is particularlyimportantfor digital EEGdevicesin orderto avoid aliasingartifacts
duringsampling.But alsohigh frequentartifactsoriginatingfrom electronicdevicesin thesurround-
ing or from muscularmovementareeliminatedusinglow pass�ltering. Thereforethelow pass�lter
is mostlyplacedbefore theactualampli�er. Figure2.20depictsall maincomponentsof a common
EEG ampli�er, consistingof the low passandthe high pass�lter , the resistanceconverterandthe
actualampli�er. Notethata realEEGampli�er containsmany additionalcomponentswhich prevent
the�o w of too high currentsin thepatient's body. Their descriptionis however beyondthescopeof
this thesis.

2.2.1.5 Artifacts

Generallytwo categoriesof artifactscanbedistinguishedin EEGmeasurements:biologicalartifacts
whicharecausedby therecordedsubjectandtechnicalartifactscausedby theEEGrecordingdevice.

Thesourcesof many biologicalartifactsaredipolesoriginatingfor examplefrom muscularactiv-
ity which aremuchstrongerthantheEEGrelateddipoles.A superpositionof both typesof dipoles
causesartifactsin thesignalwhichareoftencharacterizedby largepeaksor �uctuationsof aparticular
morphology(�gure 2.21).Sometimeshowever they canhardlybedistinguishedfrom theactualEEG.
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Figure2.20:Main componentsof anEEGampli�er.

Figure2.21: Generationmechanismof biologicalartifactscausedby large dipoleswhich aresuper-
imposedon theEEGrelateddipoles.

Otherbiologicalartifactsin�uence thecontactbetweenskinandelectrodeor theelectricalproperties
of themediumbetweenpotentialgeneratorsandelectrodes.

Thefollowing processesor activitiesrelatedto therecordedsubjectcancausebiologicalartifacts.:

� Theneuronsin theretinageneratedipoles.Duringverticaleye movementsandalsoduringeye
blinks the eye movesup- anddownwardswhich changesthe directionof thesedipoles. This
introducessaw toothshapedartifactsin theEEGsignal.Artif actsintroducedby horizontaleye
movementsaremorerectangularshaped.

� The dipolecausedby theelectricalactivity of theheartis oneorderof magnitudelarger than
thedipolescausedby neuralbrainactivity. PeaksrepresentingtheQRScomplex of theECG
signalcanthereforeoftenbeseenin theEEGsignalat frequenciesof about1Hz.

� Sensoryneuronsof thetonguealsogeneratedipoles.Thereforetonguemovementscanbeseen
asslow andirregular�uctuationsin theEEG.

� Potentialdi� erencescausedby facialmusclesintroducepeaksin theEEG.
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� If anelectrodeis placeddirectlyaboveabloodvesselin thescalp,its pulsechangestheelectrical
propertiesof themediumbetweencortex andelectroderhythmically. Furthermoreit cancause
smallelectrodeshifts.Bothe� ectsresultin resistancechangesbetweenpotentialgeneratorand
electrodeandthusin periodicoscillationsof thesignal.

� Thestateof thesubjectshair (greasy, treatedwith hairsprayetc.) canin�uence resistancebe-
tweenskinanelectrodeandthuscauseachangeof amplitudesacrosssessions.

� A lot of psychologicalandphysiologicale� ects(e.g.theincreaseof physicalor mentaltaskde-
mand)canin�uence theactivity of perspiratoryglandsresultingin resistancechangesbetween
skin anelectrodeandthereforein changesof theEEGamplitude.Notethatfor theassessment
for taskdemandsuchartifactsmightpossiblybeevenof advantage.

� Sweator too muchconductive pastecancauseshortcutsbetweenelectrodeswhich leadsto a
strongdecreaseof signalamplitudes.

Thefollowing importanttechnicalartifactscanbedistinguished:

� Brokenor dirty electrodescancausesuddenlargepotentialchanges,sincetheHelmholtzdouble
layerbecomesunstable.

� Dirty or corrodedcontactsof cablesor even broken cablescancausea decreaseof thesignal
amplitudeor evenazerosignal.

� Badly attachedgroundelectrodesor a too strongasymmetrybetweenthe impedancesof EEG
andreferenceelectrodes(dueto dirt or corrosion)canbedetrimentalfor theCMMR.

� Dependingon thedesignof theampli�er noisefrom high frequentelectromagnetic�elds (e.g.
radiowaves)canbemappedpartly to lower frequenciesof thesignalwhicharedisplayedin the
EEG.

� Personsnext to the subjectwhich is recordedcancharge themselves electrostatically. Then
electricitywhich is transferedinductively to therecordedsubjectwith largevoltagescancause
artifactsof variableshapein thesignal.

Notethattechnicalartifactsandalsosomebiologicalartifactscanbegenerallyavoidedwhenthe
recordingequipmentis operatedcorrectlyandthesubjectto berecordedis preparedcarefully. Other
artifactsareinevitable.

2.2.2 The Magnetoencephalogram(MEG)

Similar to theEEGtheMEG alsomeasurescorrelatesof theneuralbrainactivity. However no elec-
trical potentialdi� erencesbut themagnetic�o w causedby cortical �eld potentialsis measuredhere.
Sincethe magnetic�eld which correspondsto an electrical�eld is perpendicularto this electrical
�eld, the MEG is mostsensitive for dipoleswith a tangentialorientationto the surfaceof the head
while theEEGis mostsensitive for dipoleswhich areorientedradially from thecenterto thesurface
of thehead.

TheMEG hasahightemporalresolutionwhichis comparableto theEEGandits spatialresolution
is evenbetter. FurthermoreMEG sensorsrequireno directcontactwith theskin in contrastto EEG
electrodes.Themostimportantdrawbackof theMEG is however thathighly sensitivemagnetometers
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(SQUIDs, i.e. superconductionquantuminferencedevices)mustbeusedfor its registration,sincethe
signalswhichcanbemeasuredat thescalpareextremelyweak.SQUIDSsrequirea lot of space,they
areexpensive andthey mustbecooledneartheabsolutezerotemperatureto exhibit their supercon-
ductingproperties.ThereforeMEG recordingwith portabledevicesis impossible.Finally theMEG
su� ersfrom thesameproblemastheEEGthatonly activity from averysmallfractionof neuronscan
bemeasuredat thescalp(seesection2.1.2).SinceEEGandMEG measurecomplementarysignalsas
mentionedabove,bothmodalitiesareoftencombinedfor clinical purposes.

2.2.3 Functional Near-Infrar ed Spectroscopy(fNIRS)

FunctionalNear-InfraredSpectroscopy (fNIRS) is a techniquewhichcanbeusedto monitorthecon-
centrationof oxygenatedhemoglobin(Oxy-Hb) anddeoxygenatedhemoglobin(Deoxy-Hb) in the
blood. Oxy-Hbbindsoxygenmoleculesto transportthemto regionswherethey areconsumedwhile
Deoxy-Hbdoesnot bind any oxygen. Sinceneuronsneedmoreoxygenwhenmoreneuralsignals
have to be processed,the informationaboutconcentrationof both hemoglobintypesallows infer-
encesaboutbrain activity: A larger concentrationof Oxy-Hb in a certainareaindicatesa higher
neuralactivity in thisarea.

Theunderlyingprincipleof fNIRS is thatbiologicaltissuesarecomparatively transparentto near
infraredlight (wavelengthsbetween700and900nm)but hemoglobinin thebloodre�ects thisnearin-
fraredlight atcertainwavelengths.However light intensityis notonly re�ectedbut alsoabsorbedand
scatteredby hemoglobin.Sincetheabsorptionandthescatteringpropertiesof Oxy-Hb andDeoxy-
Hb aredi� erent,they re�ect thesamelight impulseswith di� erentintensities.This informationcan
beusedto calculatetherelative changesof theconcentrationof Oxy-Hb andDeoxy-Hbat a certain
positioncomparedto abaseline.

An apparatusfor fNIRS usuallyconsistsof oneor morenearinfraredlight sourcesandadetector
array. Both can easily be mountedon the forehead. ThereforefNIRS is well suitedto construct
portabledevices for monitoringbrain activity. Comparedto EEG they have the advantagethat no
conductive pastebetweensensorsandskin is needed,howeversensorscanonly beplacedatpositions
without hair. Furthermorethe informationprovidedby fNIRS is muchlessdetailedthanEEGdata:
For eachsensoronly anestimateof thecurrentbrainactivity for thecortex region underthis sensor
is obtained. While this may be suitablefor applicationslike assessmentof task demand,EEG is
indispensablefor clinical applicationssinceinferencesaboutunderlyingneuralprocessescanbemade
from themorphologyandthe frequency of theEEGsignals.The temporalandspatialresolutionof
fNIRS is comparableto EEG.

2.2.4 Functional Magnetic ResonanceImaging (fMRI)

Standardmagneticresonanceimagingmeasuresthe responseof biological tissuewhenexposedto
a strongmagnetic�eld andelectromagnetichigh frequency pulsesperpendicularto this �eld. For
functionalmagneticresonanceimagingthis techniqueis modi�ed so that thehemodynamicsrelated
to neuralactivity in thebraincanbemeasured.

Similarto fNIRS thismonitoringtechniquemakesuseof di� erencesbetweenOxy-HbandDeoxy-
Hb, which exhibit a di� erentbehavior in magnetic�elds. For regionswith a higherconcentrationof
Deoxy-Hbthe fMRI response(i.e. thecontrastof theobtainedimage)is slightly weaker compared
to regionswith a higherOxy-Hb concentration.This di� erenceis extremelysmallsothat in orderto
detectit, dataobtainedfrom severalrepetitionsof stimuli causingaparticularOxy-HbandDeoxy-Hb
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distribution mustbeaveraged(which increasesthesignalto noiseratio). This methodis alsoreferred
to asBOLD contrastimaging,i.e. BloodOxygenLevel Dependentcontrastimaging.

The preciserelationshipbetweenneuralsignals(e.g. EEG signals)and the BOLD responseis
underactiveresearch.In di� erentstudiesacorrelationbetweenEEG-� activity andbloodoxygenation
hasbeenfound(seefor example[Laufs et al., 2003]and[Martinez-Monteset al., 2004]). However
modelswhich relateothertypesof neuralactivity to brainmetabolismdo not exist yet to our current
knowledge.

Thetemporalresolutionof fMRI is muchworsecomparedto the imagingtechniquesmentioned
above,sinceit takes2-5secondsto produceasingleimage.Howeveramuchbetterspatialresolution
canbeobtained:sliceimagesareproducedin awaythatthreedimensionalmodelsof thebrainactivity
canbeconstructedwith voxelsassmallasthreemillimeterslengthoneachside.Furthermorea lot of
brainactivity informationfrom centralbrainregionscanbevisualizedherewhich remainshiddento
EEG,MEG or fNIRS.

An MRI device is very large and expensive and it is not suitedat all to recordpeople's brain
activity in every-daysituations.Themagneticpulsesproducealot of noiseduringrecordingandeven
slight motioncausesartifactswhich canhardlybe corrected.For clinical purposesandthestudyof
thebrain's functionfMRI is however well suited.

2.2.5 SinglePhotonEmissionComputer Tomography (SPECT)

SinglePhotonEmissionComputerTomography(SPECT)alsoproducesslice imagesof the brain,
similar to fMRI. While fMRI detectshowever di� erencesbetweenoxygenatedand deoxygenated
hemoglobinin theblood,SPECTprovidesinformationabouttheamountof bloodin particularbrain
regionsandthetemporaldistribution of acertainbloodquantity(or acertaindrug)in thebrainwhich
haspreviouslybeenmarkedwith radioactive tracers(radiopharmaceuticals).

Thekey ideaof SPECTis thatradiopharmaceuticalsemittinggammaraysareinjectedin a blood
vesselprior to the examination. Theseradioactive tracersare transportedthen via cardiovascular
systemsothattheir concentrationis particularlyhigh at regionswheremorebloodis required.Brain
activity hasbeenprovedto beparticularlyhigh in regionswith highblood�o w [SchmidtandThews,
1997], so that the gammaactivity from a certainbrain region canserve as indicator for activity in
this region. Note thatblood�o w is highly correlatedwith theconcentrationof Oxy-Hb in theblood
[SchmidtandThews,1997]which is assessedby fNIRS andfMRI.

Gammaactivity is measuredusingagammacamerarotatingaroundthepatient.Thusprojections
of the gammaactivity for a numberof angels(usually100-200)areobtained. Methodswhich are
commonlyusedfor standardx-ray computertomography(e.g. �ltered backprojection)areapplied
thento generateasliceimageof thegammaactivity.

Theapplicationof radiopharmaceuticalsisharmfulto thepatientin asimilarwayasx-rays.There-
foreSPECTcanbeusedonly for clinical applications.Furthermorethesamerestrictionsasfor fMRI
concerningthespacedemandsof the recordingunit andthemobility of thepatientapplyhere. The
temporalresolutionof SPECTis slightly betterthanthatof fMRI (in eachsecondoneimagecanbe
obtained),thevoxelsof therecordedvolumehowever have lengthsof about1cmateachside.

2.2.6 Positron EmissionTomography (PET)

ForPositronEmissionTomography(PET)radiopharmaceuticalsareusedwhichemitpositronsinstead
of gammarays. Positronsarevery unstableandalmostimmediatelyafteremission(aftera few mm
pathlength)a positroncollideswith anelectronresultingin theannihilationof bothparticlesandthe
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Figure2.22: Principalof a PET system(with modi�cations from [Dössel,2000]). Thecoincidence
detectordetectsgammaquantaarriving almostsimultaneouslyatoppositedetectors.Theline detector
incrementsa counterfor theline which connectsthetwo detectorswherethegammaquantaarrived.
Thevaluesfor all lineswhichcanbeinterpretedasprojectionof thepositronconcentrationare�nally
passedto acomputerfor reconstructionof asliceimage.

emissionof two gammaquantawhichmovein exactlyoppositedirections.A detectorring aroundthe
patientis usedto detectsuchevents,i.e. the arrival of two gammaquantaat detectorson opposite
positionsof the ring at the sametime (�gure 2.22). For reconstructionof a slice imagefrom the
detectedeventstechniquessimilarto thoseusedfor SPECTorx-raycomputertomographyareapplied.

PETprovidessimilar imagesasSPECT, however it hasa betterspatialresolutionwith voxelsof
about3mmsidelength.HoweverPETdevicesaremuchmoreexpensive thanSPECTdevicesandthe
productionandapplicationof radiopharmaceuticalsis muchmoredi� cult. Their half-life periodis
usuallyonly between10minand100minsothatpositronemittersmustbeappliedalmostimmediately
aftertheir production.

2.2.7 Summary

Table2.1providesanoverview overall describedtechniquesfor monitoringbrainactivity.

2.3 PhysiologicalCorr elatesMental Statesand TaskDemand

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

Di� erentsensoryinputsareprocessedat di� erentpartsof thecortex. Furthermoreparticularcortex
areasareinvolved in highermentalfunctionssuchasmemory, controlof attention,complex planing
andreasoning.Figure2.23givesanoverview over thefunctionsof di� erentcortex regions.

Whensensoryinputsareprocessedor whenothermentalprocessingtakesplace,thecorrespond-
ing regionsof thecortex areparticularlyactive. We areinterestednow in theEEG-correlatesof this
activity. At this point thethalamusbecomesimportant. Its mainrole is thepreprocessingof periph-
eral sensoryinputsandtheir forwardingto thosecortex regionswhich areconcernedwith the �nal
processingof theseinputs.Thesearetheprimarysensorycortex regionsandthoseregionswhich are
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EEG MEG fNIR fMRI SPECT PET

Intrusiveness medium: conduc-
tive pasteis needed
to assuregoodcon-
ductive properties
between skin and
electrodes

low: no contactbe-
tween sensorsand
head

low: contact be-
tween sensorsand
head, however no
gel in between is
required

low: no contactbe-
tween sensorsand
head

high: harmful sub-
stancesareinjected
in theblood

high: harmful sub-
stancesareinjected
in theblood

Spatial reso-
lution

several centime-
ters, however at
one electrode a
superposition of
signals from po-
tential generators
from all over the
cortex is measured

electrical sources
can be localized
with a precisionof
a few millimeters,
however superpo-
sition e� ects are
observedaswell

pixel sidelengthof
about1 cm

voxel sidelengthof
about3mm

voxel sidelengthof
10mm- 15mm

voxel sidelengthof
2mm- 5mm

Temporal
resolution

events with time
scaleson the order
of millisecondscan
beresolved

events with time
scaleson the order
of millisecondscan
beresolved

a few seconds 2-5seconds 1 second 1 second

Physiological
parameter
which is
monitored

electrical activity
of neurons

electrical activity
of neurons

concentration of
oxygenated and
deoxygenated
hemoglobin

concentration of
oxygenated and
deoxygenated
hemoglobin

blood�o w blood�o w

Resources
required
for opera-
tion of the
monitoring
device

little space and
energy is required,
little cost for
recording de-
vices and their
application

huge space and
energy (for cool-
ing the SQUIDS)
requirements,high
cost for record-
ing devices and
application

little space and
energy is required,
little cost for
recording de-
vices and their
application

huge space and
energy (for super-
conducting coils)
requirements,high
cost for recording
devices and their
application

hugespacerequire-
ments, high cost
for recording de-
vice and medium
cost for radiophar-
maceuticals

hugespacerequire-
ments, high cost
for recording de-
vice and for radio-
pharmaceuticals

Applicability
as portable
device

yes no yes no no no

Table2.1: Overview over all reviewedbrainmonitoringtechniques.
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Figure2.23: Functionalcortex divisionsaccordingto [SchmidtandThews, 1997] and[Dudel and
Backhaus,1996].Thecortex imageis takenfrom [Scienti�c LearningCooperation,1999].

responsiblefor high level processingof theperceivedinformation,e.g. theplanningandinitiation of
responses.

The di� erentnuclei of the thalamuscanoperatehowever in two di� erentmodes(�gure 2.24),
dependingon thepresenceof sensorystimuli andon thecurrentvigilancelevel:

Oscillation mode: Whenno or only weaksensoryinputsarepresentfor a particularnucleusand/or
vigilanceis low, impulseswith a frequency between8Hzand13Hzareconstantlysentto those
cortex regionswherethisnucleusprojectsto (i.e. to whichthisnucleussendsa� erences).These
impulsescausea synchronizationof neuralactivity in thecorrespondingcortex regions. Thus
a rhythmic neuralactivity called� -rhythm is generatedandin the EEG measuredover these
cortex regions,oscillationswith a frequency of thethalamusimpulsescanbeobserved.

Transfer mode: In this modesensoryinputsarepreprocessedandthepreprocessedinformationin-
steadof rhythmic impulsesis sent to the cortex regions which are responsiblefor the �nal
processing.This leadsto a desynchronizationof neuralactivity, i.e. to theattenuationor even
the vanishingof � -activity andan increaseof activity at other frequenciesfor the particular
regionswhichcanalsobeobservedin theEEG.

Thuswe canbrie�y summarizeneuralprocessesrelatedto mentalactivity asfollows: Given a
su� ciently high vigilancelevel andthe presenceof sensoryinputs, the thalamicnuclei processing
theseinputsswitch from oscillationmodeinto transfermode,i.e. they activate the corresponding
cortex regions.Activationmeansdesynchronization,sothatin theEEGthepower in the� -frequency
banddecreasesfor theactivatedregionsandpower in otherfrequency bandsincreasesindicatingthat
highermentalprocessesaretakingplace.

Notethatmentalactivity cancertainlytake placeaswell without thepresenceof externalsensory
stimuli. Althoughtheprecisemechanismsof thecortex activationrelatedto thatkind of activity is still
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Figure2.24:Oscillationmode(left) andtransfermode(right) of thethalamus.

subjectof research,it canbetakenfor grantedthatthethalamusdoesnot sendin any casesimpulses
causing� -activity to theinvolvedcortex regions.Possiblythestimuli from thecortex itself in�uence
the thalamusindirectly via otherfunctionalentitiesof thebrain in orderto avoid that it switchesto
oscillationmode.

Furthermoreit mustbepointedout that theactivationof a particularregion, i.e. thedesynchro-
nizationin this region never correspondsto anincreaseof total power in theEEGwhich is recorded
with commonampli�ers. Insteadevena decreasein total power is usuallyobservedsincetheampli-
tudeof otherEEG rhythmsis muchlower thanthe amplitudeof the � -rhythm. The total power of
therealEEGsignalin thepresenceof sensoryinputs,i.e. thetotal power of all potential�uctuations
which canbemeasuredat thescalp,is usuallymuchhigherthanthatof themeasured EEGhowever,
dueto DC potentialswhich arecharacteristicfor theprocessingof sensoryinputs[Zschocke, 1995].
Themeasurementof theDC componentof thesignalis very di� cult, sinceit is in�uencedstrongly
by propertiesof theskinandelectrodessothatits fractioncausedby neuralactivity canusuallynotbe
detected.ThereforecommonEEGampli�ers eliminatetheDC componentof thesignalusinga high
pass�lter .

Table2.2givesanoverview over themostcommonEEGfrequency bandsaccordingto [Schmidt
andThews, 1997]. Note that sometimesseveral subbandsof � - and� -activity areconsidered(see
for example[Duta et al., 2004]). Furthermore
 -activity is seenasa subbandof � -activity by some
researchers( [Duta et al., 2004], [Niedermeyer and da Silva, 1987]) or it is simply referredto as
40Hz oscillation[SchmidtandThews, 1997]. Finally a � -rhythmbetween8Hz and13Hz which is
particularlyrelatedto motor activity is often consideredaswell [Pinedaet al., 2000]. Similarly to
� -activity which vanishesin presenceof sensorystimuli, � -activity canbe observed over the mo-
tor cortex (the centralcortex lobe) only whenno motor activity is executed,observed or imagined.
Otherwise� -activity vanishes.

Particularly theactivity in 
 -frequency bandhasbeenfound to be relatedto highermentalpro-
cesses.
 -activity is generatedby corticalneuronsthemselves,i.e. noextra-corticalrhythmgenerators
suchasthe thalamusareinvolved here. Thusa plausiblehypothesisconcerningthe characteristics
of di� erentuserstatescouldbe, that in regionswhich areactivatedduringa particularstatetheen-
ergy of the� -frequency rangedecreaseswhile theenergy for higherfrequency bands(around40 Hz)
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Name Frequency range

� 0.5Hz- 3.5Hz
� 4Hz - 7Hz
� 8Hz - 13Hz
� 14Hz- 30Hz

 around40Hz

Table2.2: Di� erentEEGfrequency bandsaccordingto [SchmidtandThews,1997]

increases.
Figure2.25 shows the spectrogramsfor 16 electrodesfor recordingsof the userstatesresting,

listeningto a talk andreadinganarticlein amagazine.While spectrogramsof singleelectrodesoften
do not di� er muchacrossall threeor at leasttwo of theseuserstates,the informationcontainedin
thespectrogramsof all electrodesseemssu� cient to uniquelyidentify a particularstate.This seems
even possiblewhenpooling frequenciesinto only two sub-bands,a lower andhigherone. In some
casesthedi� erencesbetweenthespectrogramsacrossstatescanbeexplainedby thefactthatregions
which shouldbe activatedduring a particularstate(accordingto �gure 2.23) show an increaseof
high frequenciesanda decreaseof low frequencies:ElectrodeP4(which is locatedover theparietal
cortex, see�gure 2.12) shows for examplemuch more high frequentactivity during readingthan
during restingor listening. However this hypothesisis by far not true in all cases. ElectrodeT4
for exampleshouldcaptureactivity from theareasin the temporalcortex which processspeechand
language.However, it shows morehigh frequentactivity duringrestingthanduringtheotherstates.

Weconcludethatfor di� erentmentalstatesdi� erentkindsof potential�uctuationsoverthewhole
cortex canbeobserved, i.e. the frequency contentof thesignalsmeasuredat several electrodesdif-
fers. Thecombinationof thespectrogramsobtainedfor thesignalsfrom all theseelectrodesresults
in a patternwhich canidentify a userstateuniquely. While it is probablydi� cult to explain thepat-
terncorrespondingto a particularstateby a priori knowledge,the informationthatdi� erentpatterns
for di� erentstatesexist, seemssu� cient to attemptthe applicationof statisticalmachinelearning
algorithmsfor their discrimination.

2.3.2 TaskDemand,Alertnessand Vigilance

In psychologyandergonomicsthedistinctionbetweentaskdemand(stress)andworkload(strain)is
very important. Mental taskdemandis de�ned asthe degreeto which an individual hasto usehis
mentalresourcesto ful�ll a certaintaskwhile mentalworkloadcorrespondsto the complexity of a
taskindependentfrom thementalresourcesrequiredby anindividual for its execution[Bokranzand
Landau,1991].

Within this thesiswe are concernedwith the assessmentof mental task demand,i.e. we are
interestedin the e� ect which a mentaltaskhason an individual. This is often, but not necessarily
correlatedwith thecomplexity of thetaskitself, i.e. with workload.

The relationshipbetweenthe physiologicalcorrelatesof task demandand workload (i.e. task
complexity) hasbeenanalyzedin many researchworks,e.g.[Smithetal.,2001,Pleydell-Pearceetal.,
2003,Berkaet al., 2004,Izzetogluet al., 2004]. (Theseworksarereviewed in section3.2 in greater
detail.) For this purposephysiologicaldata(e.g. EEG,EMG, ECG etc.) wascollectedduring the
executionof taskswhich variedin di� culty (i.e. taskswith varyingworkload),andregressionfunc-
tionsweretrainedto outputindicesrepresentingtheuseof mentalresourcesduringtaskexecution.In
all casesdatapointsfrom di� erentworkloadlevelswereusedasexamplesfor di� erenttaskdemand
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Resting

Reading

Listening

Figure2.25: Spectrogramsfor 16 electrodesfor the userstatesresting(top), reading(middle) and
listening(bottom). The energy for the di� erentfrequency bandsis representedon a ”temperature”
scalewherebluemeanslow andredmeanshigh. Thex-axisshows time in seconds,they-axisgives
thefrequency in Hz.
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levels, relying on the assumptionthat both parametersarecorrelated. (Often authorseven usethe
termsworkloador taskloadto characterizetheuseof mentalresources,i.e. taskdemandaccordingto
ourde�nition.)

In [Junget al., 1997] and[Duta et al., 2004] (seesection3.2 for moredetailson theseworks)
natural�uctuations of theavailability of mentalresourcesduring tasksrequiringsustainedattention
was examined,while workloadwaskept constantly. These�uctuations arecommonlyreferredto
changesin alertnessor vigilance(seebelow). In [Duta et al., 2004]EEGdatasegmentsfor di� erent
vigilancelevelswereobtainedby manualannotationof thedata,while in [Junget al., 1997]therate
of failuresto respondcorrectlyto givenstimuli wasusedasanindicatorof vigilance. In bothworks
alsoregressionfunctionsaretrainedwhichoutputanindex re�ecting theuseof mentalresources.

The performanceof the di� erentregressionfunctionsrepresentingeither taskdemandor alert-
ness/vigilancewasevaluatedby correlatingtheiroutputswith di� erentmeasures:[Berkaet al.,2004,
Izzetogluetal.,2004]usedthedi� culty levels(i.e. theworkloadlevels)of theperformedtaskasref-
erences,[Pleydell-Pearceetal.,2003,Berkaetal.,2004,Izzetogluetal.,2004,Smithetal.,2001,Jung
et al., 1997]anerrormeasureor a performancemeasurewhich areboth functionsof failuresto give
correctresponsesto certainstimuli, [Dutaetal.,2004]anexpertratingof vigilanceobtainedby visual
inspectionof theEEGand[Smithet al., 2001]self-estimationsof taskdemand.

We concludethat it seemsdi� cult (or even impossible)to obtainobjective measuresfor theuse
of mentalresourceswhich canbeusedto developanEEG-basedtaskdemandindex. Eitheronehas
to rely on subjective estimationsof taskdemand,or taskdemandmustbeestimatedindirectly relying
on thehypothesisthatit is well correlatedwith otherparameters.(For somephysiologicalparameters
suchasECGor EEGthiscorrelationis provedto beratherstrong.)

While thetermsalertness(in its commonsensemeaning)andvigilancecanbetreatedassynonyms
for thiswork, their relationto taskdemandneedssomeexplanation.

Vigilanceis de�ned asa physiologicalcontinuumwhich rangesfrom fully responsive (alsore-
ferredto asactive alertness)to sleepiness[Zschocke, 1995]. In thestateof high vigilancesu� cient
mentalresourcesareavailableandtheseresourcesareusedeitherto processa hugenumberof stim-
uli or to expectstimuli attentively. Vigilancedecreaseseitherwhen lessmentalresourcesbecome
available(becausethe individual is not relaxedbut sleepy), while theamountof stimuli mayremain
constant,or whenthenumberof stimuli decreasesand/or they areexpectedwith lessattention.Note
that stimuli can be either ”external” sensorystimuli, or ”internal” stimuli. The latter denotepure
mentalprocessessuchascomplex reasoning.

Sincementaltaskdemandis de�ned, accordingto our de�nition, as the amountof mentalre-
sourceswhich arerequiredfor theexecutionof a speci�c task,we hypothesizethefollowing relation
betweentaskdemandandvigilance: In situationsof high taskdemanda largeamountof mentalre-
sourcesis requiredsincetherearemany ”external” or ”internal” stimuli to beprocessed.Thatmeans
that for a relaxed individual vigilanceis high aswell. Whentaskdemandis reduced,thenumberof
stimuli decreaseswhichmeansaccordingto theaboveexplanationadecreaseof vigilance.Only if an
individual is not relaxed,vigilancelevel andtaskdemandlevel canbedi� erent,sinceit mayhappen
in suchcasesthatmany mentalresourcesarerequiredbut notavailable.Notethatsometimestheterm
vigilanceis evenusedto characterizetaskdemand.In [Berkaet al., 2004]a developedtaskdemand
index is calledavigilanceindex for example.

In thenext sectionneuralandEEGcorrelatesof vigilancearedescribedaccordingto [Zschocke,
1995]. Theseshouldbecorrelatesof taskdemandaswell following theabove hypothesis.Further-
morespectrogramsfrom EEGdatarecordedfor this work areshown, which con�rm this hypothesis,
sincefor di� erenttaskdemandlevelsthey exhibit EEGcharacteristicscorrespondingto di� erentvig-
ilancelevels.Finally somenon-EEGcorrelatesof taskdemandareenumerated.
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2.3.2.1 PhysiologicalCorrelatesof Vigilanceand TaskDemand

The formatio reticularisplaysa crucial role for the regulationof vigilance[Zschocke, 1995]. This
anatomicalstructurecontainstheascendingreticularactivating system(ARAS) which controls(via
thethalamus)thebrain's � -activity. In a stateof high vigilance(fully responsivenessor active alert-
ness)� -activity decreasesanddesynchronizationcanbeobserved which is mostlyconnectedwith a
cortex activity athigherfrequencieswhichcanbeseenin theEEG.

This e� ect hasalreadybeenexplainedin section2.3.1with the changeof the operationmode
of the thalamus(from oscillationmodeto transfermode). Reasonsfor this operationmodechange
arenot exclusively thepresenceof sensorystimuli but alsochangesin vigilancelevel have a certain
in�uence. In statesof high vigilancethe ARAS sendsa� erencesto the thalamusso that its nuclei
switchmucheasierinto transfermode(evenwhenlittle stimuli arepresent).This causesthatsensory
inputs are transmittedmore strongly (with higher impulserate) to the cortex and that lessnuclei
remainin oscillationmode,so that less� -activity andmoredesynchronizationcanbe observed all
over the cortex. Additionally during statesof high vigilancethe ARAS makesthe thalamusnuclei
senda� erencesto cortex regionswhich arenot primarily concernedwith theprocessingof sensory
inputs(di� useprojection)but which areresponsiblefor highermentalprocessesandthe high level
processingof sensoryinputs.

Thus the degree of vigilance is correlatedcorrelatedpositively with the amplitudeof non-� -
activity andnegatively with the amplitudeof � -activity. If the reasonfor high vigilanceis the ex-
ecutionof a particularmentaltask,suchascomplex reasoningto understanda talk or a presentation,
especiallyanincreaseof 40Hzactivity is to beexpected,which is mostpronouncedin thoseregions
which aremainly concernedwith therequiredprocessing(seealsosection2.3.1). In analogyto that,
theamplitudeof the � -frequency bandis expectedto decreasemostly in theseregions,but it should
beattenuatedin otherregionsaswell. For a relaxed individualswe hypothesizeto observe thesame
phenomenawhenthelevel of taskdemandchangesfor thereasonsexplainedabove.

Basedon theabove explanations,the relationbetweentheneuralcorrelatesof taskdemandand
di� erentuserstatesshall �nally be summarizedbrie�y: In section2.3.1is hasbeenexplained,that
during eachuserstatedi� erentcortex regions are activated, i.e. a desynchronization(increaseof
non-� -activity anddecreaseof � -activity) canbeobserved. Thedegreeof desynchronizationin these
regionsis directly correlatedwith thedegreeof taskdemand.

Figure2.26 shows the spectrogramsfor EEG signalsof 16 electrodesrecordedduring periods
low taskdemandandhigh taskdemandof subjectswho perceived a slidespresentation.For many
electrodesit canbeseenthat thereis morehigh frequentactivity for high taskdemandcomparedto
low taskdemand.For otherelectrodesthe contraryis the casehowever, for examplefor electrodes
Pzor Fp2. A possibleexplanationfor this couldbethatoneor a few subtasksrequiredmoremental
resourceswhentheoverall taskdemandwasratedto below, comparedto thecasewherethesubject
ratedhis overall taskdemandto be high. Neverthelessthehypothesisseemsto hold that in general
an increaseof high frequentactivity correspondsto an increaseof taskdemand. The decreaseof
lower frequentactivity for high taskdemandis very small,i.e. theamplitudeof the� -activity seems
to be attenuatedonly little. This is however not too surprising,sinceeven in situationsof low task
demandalreadyenoughstimuli arepresentsothatonly little � -activity remains.Thehigh amplitude
of the lower frequency bandsis not only explainedwith � -activity, but also with artifacts(seein
particulartheredcolumnsin thespectrogramsof theprefrontalandfrontal electrodesin caseof low
taskdemand)andwith otherEEG activity (e.g. � -activity and � -activity, seetable2.2). Note that
during theperceptionof a presentationvirtually all cortex regionsareinvolved: the temporalcortex
for the understandingof speech,the temporaland parietalcortex for the understandingof slides,
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Figure 2.26: Spectrogramsfor 16 electrodesfor low (top) and high (bottom) task demandduring
listeningto a talk. The energy for the di� erentfrequency bandsis representedon a ”temperature”
scalewherebluemeanslow andredmeanshigh. Thex-axisshows time in seconds,they-axisgives
thefrequency in Hz.

theoccipitalcortex for visualperceptionandthefrontal cortex for thecontrolof attention.Therefore
di� erencesin thefrequency contentof theEEGsignalsfor thedi� erenttaskdemandlevelscanbeseen
for electrodesatpositionsall overthecortex. Weconcludethattheobservationsfrom thespectrograms
con�rm thehypothesisthatEEGcorrelatesof taskdemandandvigilancearecloselyrelated.

An increaseof vigilanceandtaskdemandis alsocharacterizedby an increasingamountof oxy-
genatedbloodforehead,i.e. moreoxygenis transportedin theblood.For overloadadecreaseof blood
oxygenationcomparedto thehighestoxygenationlevel canbeobserved[Izzetogluet al., 2004].Fur-
thermorethemagnitudeof pupil dilation hasbeenshown to be a function of mentale� ort which is
requiredto performacognitive task[Beatty, 1982],[HoecksandLevelt, 1993].



Chapter 3

RelatedWork

A lot of researchis concernedwith thecomputationalprocessingof humanbrainactivity with non-
clinical purpose.In mostcasesEEGis usedfor datarecordingbut alsofunctionalmagneticresonance
tomography(fMRI) andfunctionalnearinfraredspectroscopy (fNIRS) areapplicabletechniquesfor
physiologicaldataacquisition.Threemainresearchgoalscanbedistinguished:

1. Identi�cation of di� erentmentalstates,i.e. di� erentmentalactivities. Theseactivities can
be very di� erentsuchasrestingvs. performingmentalarithmeticor very similar suchasthe
perceptionof di� erentwordcategories(e.g.�sh vs. for-legged-animalsvs. treesvs. �o wers).

Di� erentmotivationsexist for thisresearchgoal:Humancognitioncanbestudiedby analyzing
thepropertiesof classi�erswhich discriminatementalstates[Mitchell et al., 2004], i.e. infer-
encesaboutthee� ectof di� erentmentalstatesonneuralactivity canbemade.Furthermorethe
knowledgeaboutstateswhichcanbediscriminatedparticularlywell andaboutmethodswhich
aresuitablefor thatis animportantpreparatory work for thedevelopmentof Brain-Computer-
Interfaces(BCIs), which attemptto control electronicdevicesusingonly brainactivity. Note
that we distinguishthe researchwhich is concernedwith the sheardiscriminationof mental
states(mostlybut not exclusively for BCI purposes,[Andersonet al., 1995,AndersonandSi-
jercic, 1996,Ford, 1996,Culpepper, 1999]) from theactualconstructionof BCIs (seeitem 3),
wherealsotheclosed-loopfeedbackis anessentialcomponent[Lethonen,2003](seealsosec-
tion 3.3). Finally thedevelopmentof intelligentuserinterfaces[ChenandVertegaal,2004] is
to bementionedasamotivationfor theidenti�cation of di� erentmental(andphysical)states.

2. Assessmentof mentaltaskdemand,alertnessor vigilance(seesection2.3.2for a detailedde-
scriptionof theseterms).In mostexperimentalsetupsof theworkspursuingthis researchgoal
onesingletaskwasperformedfor which thedi� culty wasvariedin orderto provoke di� erent
levelsof taskdemandof therecordedsubject.Otherresearchersmadeexperimentswherethe
taskdi� culty stayedconstantlybut a taskrequiringsustainedattentionhadto beexecutedfor
a longerperiodof time. Fromthephysiologicaldatarecordedduringtaskexecutionit wasat-
temptedto predictnatural�uctuationsof vigilance.Becausewehypothesizeacloseconnection
betweentaskdemandandvigilancewhich hasbeenexplainedin section2.3.2,we summarize
theresearchwhich is concernedwith eitherof theseparametersin thiscategory.

Two primary reasonsfor the assessmentof taskdemand,alertnessof vigilancecanbe distin-
guished:During critical tasksit is importantto beableto predictandto avoid mentaloverload
and too low alertnessin order to prevent dangeroussituations[Smith et al., 2001,Pleydell-
Pearceet al., 2003,Duta et al., 2004]. Furthermoreoperatorperformancecanbe increased,
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whenit is possibleto maintaintheoperator's cognitive loadonanoptimallevel by adaptingthe
waydatais presentedappropriately[Jungetal.,1997,Berkaetal.,2004,Izzetogluetal.,2004].
A lot of theresearchwhich follows this motivation for taskdemandestimationhasbeendone
in a military context, namelyfor theDARPA AugmentedCognitionProgram[Schmorrow and
Kruse,2002].

3. Brain-Computer-Interfaces (BCIs). As mentionedabove, thegoalof BCIs is to givecommands
to electronicdevicesusingonly brain activity. Prominentexamplesfor BCIs aresystemsto
control prosthesesor to allow locked-in patientsto communicatealthoughthey 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 dataset recordedby Keirn and Aunon [Keirn and Aunon, 1990]. This datasetconsists
of EEG datarecordedat the electrodepositionsO1, O2, P3, P4, C3, C4 (see�gure 2.12 for the
precisepositions)andanadditionalEOGchannelfor artifactdetection.Thedatawasrecordedwith a
samplingfrequency of 250Hz andthefollowing taskswereperformedduringEEGrecording:

Baseline– Alpha Wave Production: Subjectswereasked to relaxandto closeandopentheir eyes
in � vesecondsintervals.Doing this, � -activity canbeobserved,at leastwheneyesareclosed.

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

GeometricFigureRotation: Subjectswereshown a drawing of a complex geometric�gure. Then
the �gure wasmovedout of sightandsubjectswereinstructedto imaginethe rotationof this
�gure.

Mental Letter Composing: Subjectswereinstructedto mentallycomposea letterto a friend or rel-
ative,withoutmoving or vocalizing.

Visual Counting: Subjectshadto imaginea black boardandmentallyto visualizenumbersbeing
sequentiallywrittenon theboard.

Note that thesekinds of tasksarenot very likely to occur in every day situationsin contrastto
theactivities which areconsideredin this work (seesection1.1). However the focusof theresearch
in [Keirn andAunon,1990] wasratherto reliably discriminatedi� erentmentalstatesto be ableto
give commandsto acomputerthento discriminateuserstates.

In [Andersonet al., 1995], [AndersonandSijercic, 1996], [Ford, 1996] the datasetdescribed
above is usedto train andtestsystemsfor thediscriminationof mentalstates.In [Culpepper, 1999]
datafor thesametaskswasrecordedfor onesubject,usingtheelectrodesFPz,F3, Fz, F4, FCz,C3,
Cz,C4,Pz,P3andP4andanadditionalEOGchannel.

To allow aneasycomparisonof thementionedresearchworks,theuseddataportions,theapplied
methodsandobtainedresultsaresummarizedbelow usingacommonscheme.
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Author: [Andersonet al.,1995]

Considered mental states: Baselinetask,arithmetictask

UsedData: Two recordingsessionsof onesubject,10 trials per taskfrom bothsessions.From790
quartersecondlong patternspertask80%areusedfor training,10%for validationandtesting
respectively. Thedatafor eachsetis randomlychosenfrom both recordingsessions.10-fold
cross-validationis performed.

Methods:

Artifact Removal: none

Feature Extraction: Threerepresentationsof quartersecondlong time segmentsareinvesti-
gated:unprocessedtimesignals,a reduceddimensionalrepresentationobtainedusingthe
Karhunen-Lo�eve transform,a frequency spectrumbasedrepresentationestimatedwith a
sixth-orderautoregressive (AR) model.

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

Results: An accuracy of 74% for the discriminationof both statesis obtainedusingthe frequency
spectrumbaseddatarepresentation.

Authors: [AndersonandSijercic,1996]

Considered mental states: All � vestatesdescribedabove

UsedData: Datafrom four subjects,two recordingsessionspersubject,10 trials per taskandsub-
ject over bothsessions.277half secondlong patternsper taskandsubjectareavailable,after
discardingeye blinks. Training setsize: 80% of the whole data,validationandtestsetsize
respectively: 10% of the whole data. The datafor eachset is randomlychosenfrom both
recordingsessions.10-foldcross-validationis performed.

Methods:

Artifact Removal: Timesegmentscontainingeyeblinksarediscardedusinginformationfrom
theEOGchannel.

Feature Extraction: All six coe� cientsof a sixth-orderautoregressive modelfor eachelec-
trodeareused,resultingin a total featurevectordimensionalityof 36.

Classi�cation: Feedforwardtwo-layerneuralnetworkswith 20neuronsin thehiddenlayer

Results: An averageaccuracy of 54%in subjectdependentexperimentsis obtainedwhenaveraging
over thenetwork outputsfor 20consecutive half secondlong timesegments.
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Author: [Ford,1996]

Considered mental states: Baselinetask,arithmetictask

UsedData: Datafrom four subjects,two recordingsessionspersubject,10 trials per taskandsub-
ject over bothsessions.241half secondlong patternsper taskandsubjectareavailable,after
discardingeye blinks andbalancingthe dataset. Training setsize: 80% of the whole data,
validationand test set size respectively: 10% of the whole data. 10-fold cross-validation is
performed.

Methods:

Artifact Removal: Timesegmentscontainingeyeblinksarediscardedusinginformationfrom
theEOGchannel.

Feature Extraction: All six coe� cientsof a sixth-orderautoregressive modelfor eachelec-
trodeareused,resultingin a total featurevectordimensionalityof 36.

Classi�cation: LearningVectorQuantization

Results: In sessionand subjectdependentexperimentsand averageaccuracy of 73% is obtained.
Mixing of datafrom bothsessionsfor eachsubjectyieldsin anaverageaccuracy of 85.5%.

Author: [Culpepper, 1999]

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

UsedData: Two recordingsessionsfrom onesubject,10 trials per taskover both sessions.From
200half secondlong time segmentspertask50%areusedfor trainingand50%for testingand
validation.

Methods:

Artifact Removal: Independentcomponentanalysisis appliedto thedatato isolateeyeblinks
to onecomponent.Thiscomponentis identi�ed by visualinspectionandthenrejected.

Feature Extraction: A frequency representationof half secondlong to 1
20 secondlong seg-

mentsof theindependentcomponentsis obtainedusingadiscreteFouriertransform.

Classi�cation: Three-layerfeedforwardneuralnetworkswith 40 to 1000neuronsin the �rst
and5 to 100neuronsin thesecondhiddenlayer

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

Oneimportantconclusionto be drawn from the above presentedresearchworks is that the dis-
criminationof mentalstatesusingEEG datais possiblein general.Furthermorestatisticallearning
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methodssuchasneuralnetworksanda representationof theEEGsignalsin frequency domainseem
to besuitablefor this task.

More recentlyotherwork concerningthe discriminationof mentalstateshasbeendone,which
doesnot rely exclusively or notatall onEEGdata.

[ChenandVertegaal,2004]proposeda physiologicallyattentive userinterface(PAUI) which is
ableto distinguishfour userstateswhicharede�nedby thecurrentlevel of mentalandmotoractivity:
”resting” (low mentalactivity, no movement),”moving” (low mentalactivity, sustainedmovement),
”thinking” (high mentalactivity, no movement)and”busy” (high mentalactivity, sustainedmove-
ment).Thementalactivity level is estimatedusingheartratevariability, thedegreeof motoractivity
is determinedusingEEGdatafrom oneelectrodeover thecentralcortex wheremotoractivity is con-
trolled1. Spectralanalysisof theheartratevarianceis appliedto detectincreasesof mentalloadwhich
is characterizedby increasingheartratevariance.The onsetof motor activity andthusa userstate
changeis detectedby thedecreasein power for the� -frequency band(seesection2.3.1)in theEEG.

For eachstatethe costfor di� erentkinds of interruptionsby a mobile device is de�ned: While
this cost is low for all kinds of interruptionsduring resting, it is low during moving for speech-
relatedeventsonly (e.g.for answeringaphonecall, sincenoadditionalcomplex movementsmustbe
madefor that),but high for eventswhich requirecomplex motoractivity suchasrespondingto a text
messageor achatrequest.For theuserstatethinkingonly non-auditoryinterruptions(i.e. vibrations,
visualnoti�cations) arede�ned to beacceptable,i.e. they have a low cost,sinceaudiblealertswould
potentiallyinterferewith mentalengagementaccordingto theauthors.For thestatebusythecostfor
all kindsof interruptionsis setto behigh. As a sampleapplicationa cell phonehasbeenaugmented
with userstatedetectioncapabilitiesandin a six persontrial thecorrectuserstatecouldbeidenti�ed
in 83%of all cases.

[Mitchell et al., 2004] usefMRI datato discriminatementalstateslike looking at a picturevs.
readinga sentencedescribingthatpicture,readinganon-ambiguoussentencevs. readinganambigu-
oussentenceor hearingwordsfrom di� erentcategories(food, people,buildingsetc.). Note that the
consideredstatesseemto be little di� erentfrom eachothercomparedto thoseconsideredin [Keirn
andAunon,1990]or to stateslike reading,perceiving a presentation,restingetc. with which we are
concernedin this work. SincefMRI dataprovidesa muchbetterspatialresolutionandthusa much
betterinsightinto brainactivity thanEEGdata,thediscriminationof verysimilarstatesbecomesmore
realistic.

For eachsetof mentalstatesdatafrom � ve to �fteen subjectsis used. Motion artifactsarere-
movedfrom thedataandseveralsecondslong time segmentsof dataconsistingof activity valuesfor
eachvoxel (i.e. for eachcubic volumeelementof the recordedthreedimensionaldata)areusedas
input featuresfor di� erentclassi�ers. Activity valuesaregiven asdeviation from themeanactivity
measuredduringa restingcondition. Theperformanceof GaussianNaive Bayesclassi�ers,Support
VectorMachinesandk-nearestneighborclassi�ersis investigated.Sincevery high dimensionalfea-
turevectorsareobtainedfrom fMRI data,two di� erentmethodsfor featurereductionareexplored.
The �rst methodattemptsto selectthosefeatureswhich discriminatethe statesto be distinguished
best.This is doneby trainingoneclassi�er separatelyfor eachfeaturewhich usesthis featuresonly
to make predictions. Then thosefeaturesareselectedfor which the classi�ers yield the bestclas-
si�cation accuracies.In contrastto that the secondmethodselectsthosevoxels as featureshaving
the bestsignal-to-noiseratio. Suchfeatureshave the propertythat they discriminatebestbetween

1Note that this approachdoesnot agreewith the intuition thatmentalactivity would beestimatedbestwith EEGdata
andmotoractivity via theheartrate.It hasbeenshown however thatthereis acorrelationbetweenmentalloadandtheheart
ratevariability andbetweenthedegreeof motoractivity andtheEEGof the � -frequency band(see[ChenandVertegaal,
2004]for appropriatereferences).
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a restingconditionandan activity conditionunderwhich all statesto be actuallydiscriminatedare
summarized.Thesecondmethodis shown to outperformthe�rst onein many cases.

Resultsare reportedin termsof normalizedrank error which considersthe rank the classi�ers
assignto thecorrecthypothesis.It rangesfrom 0 whenthecorrectclassis ranked mostlikely, to 1
whenit is ranked leastlikely. UsingGaussianNaive Bayesclassi�ersandSupportVectorMachines,
averagenormalizedrankerrorsbetween0.11and0.24arereportedfor subjectspeci�c experiments.
For thepicturevs. sentencestudyclassi�ersaretrainedacrosssubjectsaswell. Usingsupportvector
machinesanormalizedrankerrorof 0.25is reportedfor theseexperiments.

Some�ndings from this researcharealso interestingfor the computationalprocessingof EEG
data,sincein bothcasestheproblemof datasparsenesspairedwith a high featurevectordimension-
ality hasto beaddressed:

� With linear SupportVectorMachinesat leastcomparableor even betterclassi�cationresults
canbe obtainedcomparedto non-linearclassi�ers (suchask-NearestNeighborsor Gaussian
NaiveBayesclassi�ers),whenthedimensionalityof thefeaturespaceis high.

� For noisydatatheselectionof featureswhich discriminatea baselineconditionfrom all other
conditionscanimprove classi�cationresults,sincethesignal-to-noiseratio is improved.

� Therearesimilaritiesin theneuralcorrelatesof di� erentmentalstatesacrosssubjects,so that
trainingof subjectindependentclassi�ersfor thediscriminationof thesestatesbecomespossi-
ble.

3.2 Assessmentof TaskDemand,Vigilanceor Alertness

A lot of researchin thedomainof taskdemand,vigilanceor alertnessassessmentduringtheexecution
of tasksrequiringsustainedattentionhasbeendonein recentyears.To provideabetteroverview over
theresearchworksreviewedin thissectionandto allow theircomparison,themostimportantaspects
of eachwork aresummarizedbelow usingacommonscheme.

Authors: [Jungetal., 1997]

Goal: Estimationalertnessduringasustainedattentiontask.

Task: Subjectshave to respondto auditorystimuli. Thetaskshouldsimulatesonartargetdetection.

Electrodes: 5 electrodesfrom central,parietalandoccipitalcortex areused.

Amount of data: In threerecordingsessionslasting 28 minutes10 subjectswere recorded. One
sessionis usedfor training, validation and testingrespectively. 967 time segmentsof 1.6s
lengthareextractedfrom eachsession.

Methods:

Artifact removal: Signalsexceedinga certainthresholdarediscardedasartifactualdata.Me-
dian�ltering is usedto furtherminimizethepresenceof artifacts.

Features: The log spectralpower for 81 frequency bandsbetween0.5Hzand50Hz is com-
puted. Thenprincipal componentanalysisis appliedandthe four principal components
coveringmostvarianceof thedataareretained.

Prediction method: Feedforward neuralnetworks with 3 neuronsin one hiddenlayer and
multivariatelinear regressionfunctionsareusedto predictan alertnessindex which is a
functionof failuresto respondto thegivenstimuli residingin [0; 1].
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Results: An RMS-Errorbetweenclassi�er predictionandthealertnessindex of 0.163for linearre-
gressionand0.156for neuralnetworksis reported.All resultsareobtainedin sessionindepen-
dentbut subjectdependentexperiments.

Authors: [Smithet al., 2001]

Goal: Monitoringof subjectspeci�c taskloading

Task: The MATB task is usedwhich simulatesactivities of a pilot: systemsmonitoring,resource
management,communicationandtracking. The subjectsmustreactwith keyboardinputson
changesof gauges,warninglights andauditorystimuli. A joystick is usedfor thetrackingtask
which simulatesmanualcontrolof theaircraftposition. Taskdi� culty is variedfrom passive
watchingto high load.Notethatthevariationof taskdi� culty showedasigni�cant correlation
with asubjective rating(NASA TaskLoadIndex) performedby therecordedsubjects.

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

Amount of data: For 16 subjectsthreesessionwere recorded,eachload level (passive watching,
low, medium,high)wassimulatedfor � veminutespersession.Onesessionis usedfor training,
validationandtestrespectively.

Methods:

Artifact removal: Adaptive �ltering techniquesareappliedfor artifactremoval.

Features: Spectralpower is estimatedfor several sub-bandsof alpha(8-13Hz)andtheta(4-
7Hz) frequency rangesfor four secondslong time segments.

Prediction method: Subject-speci�cmultivariatedistancefunctionsareestimatedusingdata
from load levels passive watchingand high load. Thesefunctionscomputea subject-
speci�c taskloadindex between0 (passive watching)and1 (high taskload).

Results: For subjectspeci�c but sessionindependentexperiments,signi�cant correlationsbetween
subjective taskdi� culty ratingsandresultsof the estimatedtask load predictorsor between
reactiontimeson stimuli and resultsof the task load predictorscanbe found. Furthermore
signi�cantly highertaskloadsarepredictedfor loadlevel high comparedto loadlevel low for
15 out of 16 subjects.Signi�cant di� erencesin predictionsfor low vs. moderatetaskloador
high vs. moderatetaskloadareobservedonly for half of therecordedsubjects.

Authors: [Pleydell-Pearceet al.,2003]

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

Task: Gaugemonitoringtask:Pushbuttonsanda joystick areusedto maintainchanginggaugesat a
certainlevel. Taskdi� culty is variedby varyingthetendency of theactualgaugevalueto move
away from the optimal value. Performanceis measuredas deviation of the gauges'current
valuesfrom their optimal values. All performancemeasurementsfor eachsubjectaresorted
andthensplit by themediansothat�nally only low andhightaskperformanceis distinguished.
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Electrodes: Fp1,Fp2,Fpz,F7, F8, Fz, Cz, T5, T6, P3,P4,Pz,O1, O2 andverticalandhorizontal
EOG

Amount of data: Six subjectsparticipatedin two recordingsessions.During eachsessioneachof
� vedi� culty levelswassimulated10 times.Eachtime40secondsof datawererecorded.This
resultsin 33minutesof datapersubject.

Methods:

Artifact removal: Artif actsareremovedusinginformationfrom theEOGchannel.

Features: 5166dependentvariablesarecomputedfor 10secondlong timesegments.Features
includestringlength,meanareaunderthecurveof thetimesignals,inter-electrodecoher-
ence,crossphaseandcrosspower correlationbetweenelectrodesandspectralpower for
selectedfrequency bandsbetween0Hzand100Hz.Thefeatureswhicharecorrelatedbest
with taskperformancearethenselectedto beincludedin thepredictionfunctions.

Prediction method: A multivariatelinearregressionmodelis usedfor predictionof taskper-
formance(not of the taskdi� culty). The underlyinghypothesishereis that worsetask
performanceindicateshighertaskloadwhich is morechallengingandstressfulfor asub-
jectandthereforeshouldhave correlatesin theEEG.

Results: Accuraciesof 71.9%for thediscriminationof low andhigh performanceaveragedover all
six subjectsin sessiondependentand70.8%in sessionindependentexperimentsarereported.
For subjectindependentexperimentsanaccuracy of 71.0%is obtained.

Remarks: Di� erentfeaturesarefoundto bethebestpredictorsfor di� erentsubjects.Thereforethe
authorsconcludethat idiosyncraticaspectsof EEG patternsre�ect genuineandreproducible
di� erencesbetweensubjects. 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 alertnessduringasustainedattentiontask.

Tasks: Trackinga position indicatoron a computerscreen,reactingto a visual stimulus,keeping
the valueof a continuouslychanginggaugeat zero. The subjects'vigilanceduring the tasks
wasratedby expertswho manuallylabeled15 secondslong segmentsof the signalsusinga
seven-classalertnessclassi�cationsystem.

Electrodes: A1, A2 (mastoidEEG)

Amount of data: Approximatelytwo hoursof datafor eachof eight subjectswascollected. In a
round robin mannerdatafrom one subjectis usedfor test, while training and validation is
performedon thedatafrom theremainingsubjects.

Methods:

Artifact removal: Artif actsaredetectedby visualinspectionof theraw dataanddiscarded.

Features: The coe� cientsof �fth orderAR modelswhich estimatethe power spectrumin a
rangebetween0Hzand30Hzfor 1 secondlong timesegmentsfor eachelectrodechannel
areusedasfeatures.
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Prediction method: A feedforward two-layerneuralnetwork with 10 neuronsin thehidden
layer is usedto estimatea regressionfunctionwhich predictsalertness.Outputsarethen
groupedin threeclasses(alertness,intermediate,drowsiness)usingthresholding

Results: Accuraciesfor thecomparisonwith expert labelsrangebetween39%and62%for subject
independentexperiments.

Remarks: An interestingmethodfor dataanalysisis appliedhere.This is necessarysincetheman-
ually labeledsegmentshave a lengthof 15 secondsbut only onesecondlong time segments
areusedfor computationalprocessing.Thus it is possiblethat someof the onesecondlong
segmentshave wronglabels.Self-organizingmapsaretrainedhereto clusterall datapointsof
the trainingdata. Thenthosedatapointsareremoved which aremappedin thesameareasas
otherdatapointsbelongingadi� erentalertnesscategory.
Anotherinterestingaspectof this work is that only electrodesat themastoidsareusedwhich
areeasyto attachandcomfortableto wear. This is particularlyof advantagefor applications
whereEEGis recordedconstantlyfor longerperiodsof time.

Authors: [Berkaet al.,2004]

Goal: Monitoring taskloadingduringacommandandcontroltask

Tasks: (1) WarshipCommanderTask[Johnet al., 2002]: Incomingaircraftsmustbe identi�ed as
hostileor friendly andappropriateactionsmustbe taken. Taskdi� culty is variedby varying
thefrequency with whicheventsoccur.
(2) Threelevel cognitive task:Digits aredisplayedon a computerscreen.A responsemustbe
givenonly for certaincombinationsof consecutive digits. Workloadis increasedin threelevels
by increasingthecomplexity of digit combinationsto berecognized.
(3) Recognitionof previously memorizedimagesinterspersedrandomlyin a collectionof new
images.For this tasktherateof failuresto givecorrectresponsesis measured.

Electrodes: Bipolar recordingsof Fz to POzandCz to POz,unipolarrecordingsof Fz,Cz andPOz

Amount of data: Task (1): 13 subjectswere recorded. Eachdi� culty level was simulatedthree
timesfor 75seconds.
Task(2): 16 subjectswererecorded.Eachdi� culty level comprised250trials.
Task(3): Two sessionsfor 19subjectswererecorded.

Methods:

Artifact removal: Eyeblinks aredetectedusingcross-correlationanalysiswith a sineshaped
artifact model. Eye blink contaminateddatais then replacedby the high pass�ltered
signal.Otherartifactsarediscardedusingoutof boundsdetection.

Features: The log power spectrumfor frequenciesbetween3Hz and40Hzwith 1 Hz resolu-
tion is computedfor 1 secondlong time segments.Furthermorefor eachfrequency band
therelative power comparedto the total power between3Hz and40Hz,andz scoresare
calculated.

Prediction method: A lineardiscriminantfunction is usedto predictfour statesof alertness:
high vigilance,low vigilance,relaxedwakefulnessandsleepy. Notethatdatapointsfrom
taskvariationswith low di� culty areusedasexamplesfor low vigilanceanddatapoints
from taskvariationswith high di� culty areusedasexamplesfor highvigilance.
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Results: For tasks(1) and(2) a signi�cant correlationbetweentaskdi� culty andpercentageof 1
secondepochsclassi�edashighvigilanceis reported.For task(3) thereis acorrelationbetween
responseerrorsandpercentageof epochsclassi�edashighvigilancepersession.Thissuggests
a practicee� ect betweenthe �rst andthe secondsessionwherethe numberof errorsandthe
percentageof high vigilanceepochsarelower. All resultsareobtainedusingsubject-speci�c
classi�cationmodels.

Remarks: The EEG recordinghardwareusedin this work is interestingfor practicalapplications.
TheEEGheadsetis batterypoweredandit transmitssignalswirelesslyto acomputerfor signal
processing.Furthermoretheauthorsclaimthatit is easyto attachandcomfortableto weareven
for severalhours.

Authors: [Izzetogluet al., 2004]

Goal: Estimationof taskloadby monitoringbloodhemodynamicsusingfNIR

Task: WarshipCommanderTask[Johnet al., 2002]: Incomingaircraftsmustbeidenti�ed ashostile
or friendly andappropriateactionsmustbetaken.Thetaskdi� culty rangesover four di� culty
levels wherefor increasingdi� culty the frequency with which eventsoccur increases.Task
di� culty canbe increasedevenmoreusingauditorymessagesinterspersedfrom time to time
which requireresponses.

Sensors: Datafrom 16pixelsof theprefrontalcortex with about1cmlengthateachsideis obtained.

Amount of data: For eightsubjectsonesessionwasrecorded.Eachof thefour di� culty levelswas
repeatedthreetimesfor 75seconds.

Methods:

Artifact removal: Adaptive �ltering techniquesareusedfor eliminationof motionartifacts.

Features/Prediction method: Sensormeasurementsfor the left andright hemisphereareav-
eraged.Thenasingleindex for bloodoxygenationis derived.

Results: A strongpositive correlationbetweenbloodoxygenationandtaskdi� culty canbe found.
Furthermorebloodoxygenationdecreasessigni�cantly with decreasingtaskperformanceat the
highestdi� culty level. This supportsthehypothesisthatsubjectswho becameoverwhelmed,
i.e. whoexperiencedtoohigh taskdemandbecamedisengaged.

Authors: [Iqbal etal., 2004]

Goal: Estimationof taskdemandfrom thepupil diameterduringaninteractive task.

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

Sensors: A headmountedeye tracker.

Amount of data: 12subjectswererecorded.
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Methods:

Artifact removal: none

Features/Prediction method: A regressionfunction which predictstask di� culty from the
averagepercentagein pupil diameterchange(relative to a baselineconditionwherethe
computerscreenhadto be�xated) is estimated.

Results: Signi�cant changesin relative pupil diametercanonly beobserved for a cognitive subtask
of theobjectmanipulationtask.

Remarks: The appliedtechniquehasthe advantageto be lessintrusive EEG or even fNIR since
ideally no measurementdevice hasto be attachedto the subject.However measurementsare
sensitive to environmentalfactors(e.g.illumination)andemotionalstates.

From the works reviewed above we concludethat the assessmentof taskdemand,alertnessor
vigilanceusingEEG data,fNIR dataor even pupil diameter(which is no direct correlateof neural
brainactivity) seemspossible.Both statisticallearningmethodslike neuralnetworks or simplelin-
earparametricmodelslike linear regressionor discriminantanalysisseemto be applicablefor the
posedproblem.Notehowever that theresultsin mostworksreportedabove wereobtainedin highly
controlledexperimentswhereit waseasilypossibleto simulatedi� erenttaskdi� culty levelswhich
evokedi� erentlevelsof taskdemand.Furthermoreobjectivecorrelateswith taskdemandsuchastask
di� culty or taskperformancefor aparticulartimesegmentcouldbeobtainedeasily. For theproblem
of taskdemandassessmentduringameetingor a talk this is notnecessarilythecase.

3.3 Brain-Computer-Interfaces

Wolpaw et al. de�ne a brain computerinterface(BCI) to be ”a communicationsystemthat does
not dependon thebrain's normaloutputpathwaysof peripheralnervesandmuscles”[Wolpaw et al.,
2000]. In otherwords,aBCI canbeusedto controlcomputerapplicationsor otherelectronicdevices
usingonly brainactivity but nospeechor voluntarymovements.Accordingto thisde�nition anEEG-
device which estimatesuserstateandtaskdemandandusestheseestimatesto con�gure the user's
cell phoneappropriatelycanbecalledaBCI.

HoweverBCIsarecommonlyviewedassystemswhich immediatelyprovide feedbackto theuser
aboutthehypothesisof theuser's command[Lethonen,2003]andsometypesof BCIs evenrequire
this closedloop feedbackto work properlyaswill be explainedshortly. Immediatefeedbackabout
thedetecteduserstateor workloadlevel to theuseris not necessaryandperhapsnot evendesirable
for thesystemdevelopedin thiswork, sincethegoalis hereto minimizedisturbancesof theuser. For
this reasonwe decidednot to usethetermBCI for thesystemdevelopedhere.

In this sectiononly the basicprinciplesof BCIs areexplainedbrie�y to completethe overview
of applicationsfor computationalprocessingof EEGwith non-diagnosticpurpose.A moredetailed
review aboutBCIscanbefoundin [Vaughanet al., 2003]. Many classi�cationandsignalprocessing
methodswhich arecommonlyusedin BCI research,areinterestingaswell for thediscriminationof
mentalstatesandtheassessmentof taskdemand.Thesemethodsarepresentedin chapter4.

Thefollowing two approachesfor theconstructionof BCIscanbedistinguished[Lethonen,2003]:

Pattern recognitionapproach: In thisapproachtheuserof theBCI hasto performdi� erentmental
taskssuchasthoseproposedby KeirnandAunon[KeirnandAunon,1990]whicharedescribed
in section3.1. If thesetaskscanbedistinguishedfrom eachother, a particularactivity canbe
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executedwhenthesystemrecognizesthat theuserperformsa speci�c task. For this approach
theBCI mustbepre-trained,its userhoweverdoesnotneedany trainingat all in thebestcase.

Operant conditioning approach: In thisapproachtheuserhasto learnto controlhisEEGresponse,
for examplethe� -rhythmamplitudeof hisbrainactivity. While this requiresextensive training
for the user, the BCI doesnot needto be trainedat all sinceit simply looks for changesin
speci�c characteristicsof theEEG signal. Real-timefeedbackandpositive reinforcementfor
correctbehavior areessentialto make theoperantconditioningapproachwork.

Note that the discriminationof mentalstatesis a centralaspectof both the patternrecognition
approachfor BCIs andfor userstateidenti�cation. While in theBCI context however mentalstates
canbe chosenwhich areeasyto discriminate,thementalstatesarealreadygiven in in caseof user
stateidenti�cation andthesystemmustbedesignedto discriminatethemasgoodaspossible.



Chapter 4

Methods

Severalprocessingstepshave to beaccomplishedbeforeahypothesisfor thecurrentuserstateor the
currenttaskdemandlevel canbeobtainedfrom raw EEGdata.Thesestepsareexplainedin greater
detail in this chapter. To provide a betteroverview over thefollowing sections,�gure 4.1 shows the
integrationof all appliedmethodsinto thewholesystemwhich is proposedhere.For eachmethodthe
correspondingsectionnumberof thischapteris displayedin the�gure.

4.1 Artifact Removal

Outof thelargenumberof artifactswhichcancontaminateEEGdata(seesection2.2.1.5)eyeblinking
andeyemovementartifactsseemto have thelargestimpactconcerningthecomputationalanalysisof
the EEG: They occurvery frequently[Junget al., 2000b]andtheir frequency rangeoverlapswith
thefrequenciesof theactualEEGsignal,which makessimplebandpass�ltering for artifactremoval
impossible[Dutaet al., 2004].

Filtering is only suitableto eliminatehigh frequency artifactsfrom muscularactivity andnoise
introducedby theAC lines,sincea low pass�lter canbeappliedherewith a cuto� frequency above
the highestrelevant EEG frequency. For computationalanalysisof the EEG in frequency domain
however, it is su� cient to simply selectthosefrequency bandswhich arerelevant for EEGanalysis
while all othersneednot to beconsidered.Thusartifactsoccurringathigh frequenciesareeliminated
automaticallywithout the needfor low pass�ltering. Note furthermorethat low pass�ltering of
the signalsprior to further computationalprocessingin frequency domainhaseven beenshown to
bedetrimentalto classi�cationaccuraciesfor thediscriminationof mentalstates(see[Andersonand
Sijercic,1996]and[Ford,1996]).A reasonfor thismightbetheproblemthatlow pass�lters generally
alsoattenuatefrequenciesbelow thecuto� frequency, sincea�lter cannotbedesignedsuchthatthere
is asharpcuto� betweenthosefrequencieswhichpassthe�lter andthosewhichareblocked.

For the reasonsexplainedabove only eye activity relatedartifactsareconsideredin this work.
(Notethatin virtually all otherresearchconcernedwith thecomputationalprocessingof EEG,artifact
removal focuseson eye activity only aswell, seealsosection3.1.)

4.1.1 Removal of EyeActivity Artifacts

Severalmethodsfor eye activity artifactremoval have beenproposedin thepast:

� Simplerejectionof artifactualdata. Shorttime segmentsof thesignal(between0.25seconds
and2 secondslength)containingeye activity aresimply discarded.Eye activity is identi�ed
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Figure4.1: Overview over thesystemfor userstateidenti�cation andtaskdemandestimation.The
numbersin theboxesindicatethesectionnumbersof this chapter, wheretheparticularmethodsare
explained.

by visual inspection[Duta et al., 2004] or automaticallyby rejectingall segmentswherethe
signalexceedsacertainthreshold[Jungetal.,1997].Anothermethodfor automaticeyeactivity
detectionandrejectionusesaseparatechannelwhichrecordstheeyeactivity only (i.e. theEOG
which is shortfor electrooculogram)[Andersonetal., 1995,AndersonandSijercic,1996,Ford,
1996].Sincevery little EEGis containedin theEOGdata,artifactsareidenti�ed morereliably
usingEOGwhentheexceedanceof a thresholdis usedascriterion.

� For many experimentalsetupseyeactivity artifactsoccurveryfrequentlyin theEEG(e.g.when
visual stimuli are involved in the experiments),andalmostno datawould be left, if all such
artifactswerediscarded[Jungetal., 2000b].ThereforetechniqueswhichusetheEOGchannel
informationfor artifactremoval withoutdiscardingthedatahavebeenproposed.Thesemethods
arecommonlyknown asregressiontechniques,sincelinear regressionmodelsareappliedto
describethesuperpositionof theEEGandtheeyeactivity in theobservedsignals:

OBS(t) = � 1 � VEOG(t) + � 2 � HEOG(t) + EEG(t) (4.1)

whereOBS representsthe actualobservation, VEOG andHEOG the (appropriately�ltered)
EOGsfor horizontalandvertical eye movementsandEEG the actualEEG signal. After the
estimationof theregressioncoe� cients� 1 and� 2 thepureEEGsignalcanbeeasilydetermined
from equation4.1. Regressiondoesnot necessarilyhave to be performedfor time domain
signalsbut it is alsopossiblefor thesignalsin frequency domain.An overview over regression
basedtechniquesfor artifact removal is provided in [Croft and Barry, 2000]. However two
fundamentalproblemsare relatedto thesetechniques:One or two (in caseof vertical and
horizontalEOG)extrarecordingchannelsarerequired,andEEGactivity from thefrontalcortex
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whichis still slightly presentin theEOGchannelsis mappedto all otherchannelsby theartifact
removal procedure.

� [Berka et al., 2004] do not needextra electrodechannelsfor artifact removal. They usethe
positivehalf of a40� V 1:33Hzsinewaveasartifactmodelandapplycross-correlationwith the
EEGsignalsto detectartifacts,which arecharacterizedby maximain thecorrelationfunction.
Then artifactualdatais replacedby the 4Hz high pass�ltered signal of the artifactualdata
segment.Thetwo mainproblemsof this approacharethathigh pass�ltering might eliminate
importantEEGinformationandthattheshapeof theartifactmodelhasto bedeterminedusing
prior knowledge.

� Finally, componentbasedmethodsareaninterestinggroupof artifactremoval techniqueswhich
alsodo not requireanextra EOGchannel.PrincipalComponentAnalysis(PCA) or Indepen-
dentComponentAnalysis(ICA) canbe usedto decomposethe EEG signalsin uncorrelated
components(in caseof PCA) or statisticallyindependentcomponents(in caseof ICA). The
underlyinghypothesishereis thatartifactualsignalsandsignalsrelatedto neuralprocessesare
uncorrelatedor emergefrom independentprocessessothatthey canbeseparatedusingmethods
like PCA or ICA.

An artifact removal methodwhich canbeusedin thesystemdevelopedfor this work shouldnot
requireextraEOGelectrodessincethiswoulddecreasetheusercomfort.Furthermoretheuseof prior
knowledgeto determinetheshapeof artifactsis problematic,sinceit maydi� eracrosssubjectsandit
maydependontheexactelectrodepositions.Thereforewedecidedto useacomponentbasedartifact
removal methodin thiswork, namelyICA, whichhasbeenshown to besuperiorto PCA [Junget al.,
1998]. Componentbasedmethodshave the furtheradvantagethatother(artifactual)processesthan
eye activity canbedetectedandeliminatedaswell, if this is required.

Theprincipleof ICA anditsusefor artifactremoval issummarizedbrie�y in thefollowing section.
A moredetailedintroductionon ICA canbefoundin [HyvärinenandOja,2000].

4.1.2 IndependentComponentAnalysis

Dueto volumeconductionin thebodyandexternalsourcesof noise(e.g. from AC lines),thesignal
measuredatoneelectrodedoesnotonly re�ect thelocalneuralactivity underneaththiselectrode,but
it representsasuperpositionof severalsignalsoriginatingfrom neuralandartifactualprocessessuchas
muscularactivity or noisefrom externalelectricaldevices.Assumingaweightedlinearsuperposition
of theseprocesses,thiscanbeexpressedasfollows:

x j(t) =
eX

i=1

a ji � si(t) (4.2)

Here x j(t) is the observed signal over time at electrodej, si(t) the signal correspondingto the i th

underlyingprocessand a ji the weight which determineshow much si(t) contributes to x j(t). We
assumethat the numberof electrodechannelse is equalto the numberof underlyingprocessesor
independentcomponents(ICs) here.This is animportantassumptionfor ICA, which allows thatthe
ICscanberecoveredfrom thegivensignals.

In practicethis assumptionis only approximatelytrue. On the onehandit is possiblethat the
numberof independentprocessesis larger thanthenumberof electrodes,whentheneuralprocesses
undereachelectrodearedi� erentandthe signalcontainsadditionallybiological andtechnicalarti-
facts. On theotherhandit mayhappenthat in cortex regionsunderneathmany electrodesthesame
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processtakesplace,namelysynchronized� -activity, so that thenumberof independentprocessesis
smallerthanthenumberof electrodes.Neverthelesstheapproximateequalityof bothquantitiesseems
su� cientfor theestimationof theICs [Makeig etal., 1996].

In matrixvectornotationequation4.2canbereformulatedas

x(t) = A � s(t) (4.3)

wherex(t) is avectorcontainingtheobservedsignals,s(t) avectorcontainingthesignalscorrespond-
ing to theICsandA the”mixing matrix” whichde�neshow mucheachIC from s(t) contributesto the
signalsx(t) observedat thedi� erentelectrodes.

For detectionandisolationof artifactswe areinterestedin the ICs which canbeobtainedusing
theunmixingmatrixW = A� 1:

s(t) = W � x(t) (4.4)

ThoseICs containingartifactualdata(eye activity but alsoAC noiseandhigh frequentmuscular
activity arewell detectedusingICA [Junget al., 1998])canbe identi�ed by visual inspectionor by
heuristiccriteriafrom thetrainingdata.Usingthematrix W which is estimatedon thetrainingdata,
the ICs canalsobe obtainedfor the validationdataand for the testdata. Thus it is alsopossible
to usecrossvalidation to �nd one or more componentsto be rejected,so that the overall system
performanceimprovesmost.Finally, thecomponentswhichhavebeenpreviouslyselectedfor removal
areeliminatedin thetestdata.

Let s0(t) be thevectorwheretheartifact contaminatedcomponentsareremovedandA0 themix-
ing matrix wherethe columnswith the indicesof the artifact contaminatedcomponentsof s(t) are
removed.Thenanestimatefor theartifactfreedatax0(t) is obtainedby:

x0(t) = A0 � s0(t) (4.5)

Theabove describedartifactremoval processis illustratedgraphicallyin �gure 4.2.
Theremainingproblemis theestimationof thematricesW or A. Usuallyonly W is estimatedand

A is computedasthe(pseudo)inverseof W. Thereareseveralmethodsto obtainanestimatefor W:

� Let us assumethat thenumberof electrodechannelse equalsexactly thenumberof underly-
ing (statisticallyindependent)processescontributing to theEEG.Thenthecomponentsin s(t)
areindependentfrom eachother, i� only oneprocesscontributesto eachcomponentsi(t). At
that point the centrallimit theoremcanbe usedwhich statesthat the moreprocessesaresu-
perimposedin onerandomvariable,themoreits probabilitydensityfunction(pdf) resemblesa
gaussianpdf. Thereforeour goalmustbeto estimatethesignalssi(t) for i = 1; : : : ; e in a way
that their pdfsareaslittle gaussianaspossible1. Our actualgoal is however theestimationof
theunmixingmatrixW. Thereforeweusetheidentity si(t) = wi

T � x(t), wherewi
T is theith line

of W, so thatour new goalbecomesthegaussianityminimizationof thepdfsof w i
T � x(t) for

i = 1; : : : ; e.

Thegaussianityof a randomvariablecanbemeasuredusingkurtosiswhich is zerofor a gaus-
sianrandomvariableandbecomesmorenegative or positive for moresub-or supergaussian
randomvariables.Thusthe lineswi

T of W have to be estimatedsuchthat that jkurt(wi
T � x)j

becomesmaximalfor i = 1; : : : ; e. (We denotesi = wi
T � x asa randomvariableherewhose

distributioncanbeestimatedfrom thetimeseriessi(t) = wi
T � x(t).) In otherwordstheehighest

local maximaof jkurt(wi
T � x)j have to be found in orderto determineall e lines of W. Note

that the processescontributing to the EEG mustnot have a gaussianpdf themselves in order
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Figure4.2: Applicationof ICA for artifactremoval in EEGdata.Theeye activity relatedartifactsare
identi�ed by largepeaksin theoriginaldata.They areisolatedto theindependentcomponent2. After
removal of thatcomponentandbackprojectionof theremainingcomponentsalmostartifactfreedata
is obtained.

to make this approachwork. This assumptionis however usuallyful�lled for EEGsignalsand
EEGartifacts[HyvärinenandOja,2000].

� Sincekurtosis is very sensitive towardsoutliers, negentropy can be usedfor estimatingthe
gaussianityof a randomvariable. Let g be a gaussianrandomvariablewith Cov(w i

T � x) =
Cov(g) andlet H denotetheoperatorwhichcomputestheentropy of a randomvariable.

When
J(wT

i � x) = H(g) � H(wT
i � x) (4.6)

is maximal, the densityof wi
T � x is as little gaussianas possible,sincea gaussiandensity

hasthe highestentropy amongall randomvariablesof equalvariance. A drawback of this
approachis thatfor thecomputationof theentropy (non-parametric)estimatesfor pdfsof w i

T �x
for i = 1; : : : e have to be computed(histogramsarenot su� cient) which canbe di� cult in
practice[HyvärinenandOja, 2000]. Thereforenegentropy is often estimatedusingkurtosis,
wheretheoutlierproblemarisesagain.

� Theminimizationof mutualinformationis a criterion for theestimationof independentcom-
ponents,which is inspiredby informationtheory. Although theprincipleof gaussianitymini-
mizationto �nd independentcomponentsis not usedhereexplicitly, it canbeshown, that this
approachis equivalentto themaximizationof negentropy [HyvärinenandOja, 2000]. There-
fore it canserve asa rigid mathematicaljusti�cation for the more intuitive reasoningabove,

1If thenumberof processesis larger thenthenumberof electrodechannels,thegoal remainsthesame:Whenaslittle
processesaspossiblearesuperimposedin onesignal,thegaussianityof thecorrespondingpdf is minimized. Only in the
rarecasewhentherearelessprocessescontributing to theEEGthanelectrodechannelsthisapproachbecomesproblematic.
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which �nally leadsto kurtosismaximizationor negentropy minimization.Themutualinforma-
tion of therandomvariabless1; : : : se whichbelongto thetimeseriess1(t); : : : se(t) is de�nedas
follows:

MI( s1; : : : ; se) =
eX

i=1

H(si) � H(s1; : : : ; se) (4.7)

It is zero,whenthe sumof entropiesof the singlerandomvariablesequalsthe joint entropy
of all randomvariables. If the joint entropy is smallerthanthe sumof singleentropies,that
meansthat oneor more randomvariablescanbe usedto predictpartly the valuesof oneor
more others. Randomvariableswhich can be usedto predict the valuesof eachother are
not anymore independentfrom eachother however. Thereforeminimization of the mutual
informationmaximizesthe independencebetweenthe randomvariableswhich belongto the
componentsto beestimated.

� The infomaxalgorithm[Bell andSejnowski, 1995]attemptsto maximizethe following crite-
rion:

L = H(g1(wT
1 x); : : : ; ge(wT

e x)) (4.8)

wherethe argumentsof the joint entropy operatorcan be interpretedas outputsof arti�cial
neuronswith non-linearactivationfunctionsgi(�) andweightvectorswi.

If we ignoretheactivationfunctionsgi(�) for a moment(or setthemto theidentity),we obtain
thejoinedentropy H(s1; : : : ; sn) from equation4.7. Maximizationof thejoinedentropy would
leadto minimizationof themutualinformation,if thesumof thesingleentropieswasalmost
constant.For signalswith akurtosislargerthenthree,whichis usuallythecasefor EEGsignals,
this hasbeenfoundto bea valid assumption[Bell andSejnowski, 1995]. If however only the
linearfunctionswT

i x wereusedasargumentsof thejoint entropy, it couldbeincreasedsimply
by increasingthevariancesof thearguments,i.e. thenormof w i. This is nomorepossiblewhen
wT

i x is passedto anon-linearsquashingfunctionsuchastanh(�) andtheoutputof thesquashing
function is usedas argumentfor operatorcomputingthe joint entropy [Bell and Sejnowski,
1995].

Otherconditionsfor theapplicabilityof theinfomaxalgorithmarethatthesignalsourcesmust
really be independent,that the signalsarevirtually not delayedby the ”mixing medium” be-
tweensourceandsensors(liquor, boneandskin in caseof EEG signals)and that thereis a
su� cientnumberof independentprocesses(which is at leastequalto thenumberof sensors).
All theseconditionsseemto beful�lled for EEGdata[Makeigetal.,1996],sothattheinfomax
algorithmis now widely appliedfor artifactremoval in EEGdata(seefor instance[Junget al.,
2000a,Junget al., 2000b,DelormeandMakeig,2004]).

In thiswork ICA weights(i.e. thelinesof theunmixingmatrixW) areestimatedusingtheimple-
mentationof theinfomaxalgorithmfrom theMATLAB TM Open-SourcetoolboxEEGLAB [Delorme
andMakeig,2004].Theactualalgorithmwhichmaximizesthecriterionin equation4.8is basicallya
gradientascenton L with respectto theweightsin W. Its presentationis omitted,sinceit would go
beyondthescopeof thiswork. It canbefoundin [Bell andSejnowski, 1995].
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4.2 FeatureExtraction

4.2.1 Obtaining FeatureVectors

Thefeaturesextractedfrom thetimesignalof eachelectrodechannelrepresentthesignal's frequency
contentfor ashorttimesegment.Foreachelectrodechanneltwosecondslongsegmentswhichoverlap
onesecondareextractedusinga hanningwindow. Thena short time Fourier transform(STFT) is
computedfor eachsegmentaccordingto

STFT(r; ! ) =
1X

m=�1

x[r + m] � w[m] � e� j! m (4.9)

wherer is theindex of thecurrenttimesegment,! thefrequency for whichtheSTFTis computedand
w[�] denotesthewindowing functionwhich is usedto extractthesegmentfrom thecontinuoussignal
x[�]. (In practicetheboundsof thesumin equation4.9 mustbeadaptedin a way, that themaximal
andminimal valuesof x[�] andw[�] arenotexceeded.)

For a given signal the result of STFT(r; ! ) is complex valuedand containsinformation about
amplitudeandphaseshift for thetimesegmentr andthefrequency ! . Sincetheamplitudevalueonly
is the informationwe are interestedin, the phaseis eliminatedby taking the absolutevalueof the
STFTresult.Thusaspectrogramis obtained:

spectrogram[r; ! ] = jSTFT[r; ! ]j2 (4.10)

Sincetwo secondslongtimesegmentsareconsidered,weendupwith anamplitudevaluefor each
frequency bandof 1

2Hz width for eachtime segmentandelectrodechannel,which we call a feature.
Rememberthat time segmentsoverlaponesecond,so that new featuresfor the di� erentfrequency
bandsareobtainedeverysecond(�gure 4.3).

Featuresfrom thedi� erentelectrodechannelsareconcatenatedto form onelarge featurevector.
Let E1; : : : ; Ee be the setof electrodeswhich areusedfor recordingandlet furthermoreNE be the
numberof featureswhich areobtainedperelectrode.(Sincewe have a 1

2 Hz resolutionNE equalsto
thewidth of theconsideredfrequency rangein Hztimestwo.) Thevaluecorrespondingto aparticular
featurefor anarbitrarytime segmentis denotedby xi . Thenfor this time segmentandelectrodeEi,
weobtainthefeaturevector

xEi =

0
BBBBBBBBBB@

x1
:::

xNE

1
CCCCCCCCCCA

for i 2 f1; : : : ; eg (4.11)

The�nal featurevectorfor this time segmentis obtainedby concatenatingthefeaturevectorsof
all electrodes:

x =

0
BBBBBBBBBB@

xE1

:::
xEe

1
CCCCCCCCCCA

=

0
BBBBBBBBBBBBBBBBBBBBBBBBBBBB@

x1
:::

xNE

xNE+1
:::

xN

1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCA

(4.12)

whereN = e�NE is thetotalnumberof features.(Notethatweassumeto havethesamenumberof
featuresperelectrode.)In a typical settingof thedatacollectionconductedfor thiswork (seechapter



4.2Feature Extraction 59

Figure4.3: Featureextractionusingspectrogramsfor oneelectrodechannel.Thegrayboxesrepresent
the spectrograms,wherethe lines correspondto di� erent frequency bands(i.e. features)and the
blacknessof eachline indicatesthe amplitudevaluefor this frequency band(i.e. the valuefor this
feature).

5) datafrom 16electrodeswasrecordedandfrequenciesbetween0Hzand45Hzwereconsideredper
electrodewhich resultsin a featurevectordimensionalityof N = 16� 90 = 1440(rememberthatwe
obtaina featurefor eachfrequency bandof 1

2Hz width). Sucha large featurevectordimensionality
suggeststhateithermethodsfor featurereductionarerequiredor a hugeamountof datais neededto
beableto estimatemodelsreliably. Thefeaturereductionmethodsappliedin thiswork aredescribed
in thenext sectionandin chapter6 it is examinedwhetherfeaturereductionis applicableto improve
overall systemresults.

This problemwill befurtherinvestigatedin chapter.

4.2.2 Averaging

EEGsignalsoftenexhibit �uctuationsover timewhich arenot relevantfor userstateidenti�cation or
taskdemandestimation.Reasonsfor this caneitherbeartifacts,but alsoprocessescausedby neural
activity contributing to theEEG.For exampleit is almostimpossibleto maintainconcentrationon a
giventaskfor alongerperiodof timewithoutshortlapseswhichcauseoutliersin thesignal.Therefore
averagingover thek previous featurevectorsis appliedto reducethe in�uence of suchoutliersand
of artifactswhichhaven't beeneliminatedbefore,usingotherartifactremoval techniques(seesection
4.1).For time t0 theaveragedfeaturevectorx̃(t0) is obtainedby

x̃(t0) =
kX

i=0


 (i) � x(t0 � i) (4.13)

Thefactor
 couldbeusedto decreasethein�uence of featurevectorswith increasingi. For the
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experimentsin thiswork it wassetto one.

4.2.3 Normalization

Featurevaluesfor di� erentfrequency bandsmight have di� erentrangesanddi� erento� sets.How-
ever a large rangeof a certainfeaturedoesnot necessarilyimply its large importancefor classi�ca-
tion. Furthermore,the transformationof all featuresto a known interval is of advantageto achieve
quickconvergenceof thetrainingproceduresfor someclassi�erssuchasneuralnetworks(seesection
4.5.1.5).Therefore,threesimplenormalizationtechniquesareinvestigated:

GlobalNorm: On thetrainingdatameanandvarianceis calculatedfor eachelectrodeandeachfre-
quency band.Theobtainedvaluesarethenusedfor meansubtractionandvariancenormaliza-
tion on thetraining,validationandtestdata:

Let xi be the meanfor the i th featureover the whole training setand� 2
i the estimatefor the

varianceof this feature. For a given featurevalue xi of an arbitrarydataset the normalized
featurevaluexnorm

i is thenobtainedby

xnorm
i =

xi � xi

� i
(4.14)

UserNorm: Meanandvariancenormalizationfor eachfrequency bandis performedseparatelyon
training, validationandtestdata. If oneof thesedatasetscontainsdatafrom morethanone
subject,meanandvarianceis alsocomputedseparatelyfor eachsubject.Thenthesamenor-
malizationprocedureasin equation4.14is appliedto obtainthenormalizedfeaturevalues.

RelPower: To preserve relationsof featurevaluesacrossfrequency bands,thefeaturevaluefor each
frequency bandis dividedby thesumof featurevaluesoverall frequency bands,whichassures
that eachfeaturevalue falls within [0,1]. For a given featurevector x of dimensionN the
normalizedvaluexnorm

i for theith featurexi is computedby

xnorm
i =

xi
P N

j=1 xi
(4.15)

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

4.3 FeatureReduction

As mentionedabove the dimensionalityof the obtainedfeaturevectorscanbe very high, whenthe
numberof usedelectrodechannelsandtheconsideredfrequency rangeperelectrodechannelaresuf-
�ciently large. Featurereductionmight help hereto improve the reliability of the trainedmodels,
especiallyin situationswheretrainingdatais very sparse.Furthermoreonecanexpect,that feature
reductionmethodsremove thosefeatureswhich mainly containnoiseandwhich arethereforedetri-
mentalto theoverall systemperformance.Severalmethodsfor featurereductionareinvestigatedin
thiswork.
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4.3.1 Averagingover FrequencyBands

A verystraightforwardmethodfor featurereductionis to combinefeaturesby averagingoveradjacent
frequency bands(i.e. adjacentfeatures)of onefeaturevector. It is eitherpossibleto take alwaysa
�x ed numberof featuresover which averagingis performedor to put featuresin physiologically
meaningfulgroups,whichcouldbefor examplethefrequency rangesof thecommonlydistinguished
EEGfrequency bands(seetable2.2)or of their sub-bands.

4.3.2 Linear Discriminant Analysis (LDA)

Lineardiscriminantanalysis(LDA) is a popularmethodfor featurereductionin classi�cationprob-
lemswith a large numberof features.In domainslike facerecognition[Li et al., 1999] or speech
recognition[Haeb-UmbachandNey, 1992] it is commonlyapplied. In this work it is usedto per-
form featurereductionon theuserstatedata. Theunderlyingideaof LDA is that the featurevector
dimensionalityis reducedwhile thelossof discriminationinformationby eliminatingfeaturesis kept
minimal.

Let c1; : : : cK betheclassesof a classi�cationproblemandlet thefeaturevectorsto beclassi�ed
have the form x = (x1; : : : xN)T . LDA attemptsto �nd a linear function f of all featuresso that
di� erencesbetweenfeaturevectorscanbeexpressedin asinglevariable,namelyin thevalueof f :

f (x) = Y = xT � b (4.16)

whereb = (b1; : : : bN)T is thevectorof discriminantcoe� cientswhichweighteachfeatureaccording
to its importancefor thediscriminationbetweenthegivenclasses.Featurereductioncanbeperformed
by rankingall featuresaccordingto theabsolutevalueof their discriminantcoe� cientandselecting
the k highestranked featuresto be includedin a new featurevector. Eachof thesefeaturesis then
multiplied with its discriminantcoe� cient andrenormalizedusingoneof themethodsdescribedin
section4.2.3.(Renormalizationis requiredfor someclassi�cationmethodsasmentionedabove.)

Theremainingproblemis to �nd thediscriminantvectorb which musthave thepropertythat is
maximizestheratioof thebetweenclassvarianceandthewithin classvarianceafterall featurevectors
have beenprojectedin theonedimensional”discriminantspace”usingequation4.16. Formally the
valueof 
 in thefollowing expressionhasto bemaximized:


 =

P K
i=1 Rci (Yci � Y)2

P K
i=1

P
x2ci

( f (x) � Yci )2
(4.17)

Y denotesthemeanover thediscriminantvaluesof all featurevectors.ThecentroidYci for classci

which is computedaccordingto

Yci =
1

Rci

X

x2ci

f (x) (4.18)

whereRci denotesthenumberof trainingexamplesfor classci .
By substitutingequation4.16 into equation4.17 we obtainthe �nal criterion to be maximized

whichexplicitly dependson b:


 =
bTBb
bTWb

(4.19)
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The betweenclassscattermatrix B andthe within classscattermatrix W of equation4.19 are
de�ned asfollows:

B =
KX

i=1

(xci � x)T � (xci � x) (4.20)

W =
KX

i=1

X

x2ci

(x � xci )
T � (x � xci ) (4.21)

wherexci denotesthemeanover all featurevectorsof classci andx denotesthemeanoverall feature
vectors.

Thecriterion4.19canbemaximizedby settingits derivative with respectto b to zero:

@

@b

!
= 0

This resultsin thefollowing eigenvalueproblem:

(B � 
 W)b = 0 (4.22)

Theeigenvectorb for thelargesteigenvalue
 correspondsto thedesireddiscriminantvectorsince
it maximizesthecriterion4.19.Notethatif thefeaturevectordimensionalityis veryhighandtraining
datais sparse,thematricesW andB arelikely to be almostsingularwhich canbeeasilyseenfrom
their de�nitions in equations4.20and4.21. In this caseLDA is not applicablefor featurereduction,
sincethe eigenvalueproblemin equation4.22 doesnot have a stablesolution. In [Li et al., 1999]
theapplicationof theQZ-algorithmfor thenumericalsolutionof theeigenvalueproblemis proposed
whichsucceedsto �nd astablesolutionin caseswhereotheralgorithms(e.g.simplematrix inversion)
fail. TheQZ-algorithmis appliedin theLDA algorithmwhich hasbeenimplementedfor this work.
Neverthelesswe will seein section6.1.7that in somecasestoo little datais available,so thatLDA
cannotbeapplied.

4.3.3 FeatureReduction of RegressionTasks

LDA is a suitablefeaturereductionmethodfor classi�cationproblems(e.g. for userstateidenti�ca-
tion) which hasbeenillustratedin theprevioussection.Theproblemof taskdemandestimationhas
however muchmorethepropertiesof a regressiontask,sincetaskdemandis originally a continuous
scaledvariable. Thereforesomeproblemswould arise,if LDA-basedfeaturereductionwasapplied
here:

� For acontinuousscaleddependentvariable,no �nite setof ”labels” (in analogyto classlabels)
for thedi� erentfeaturevectorsexists.

� If the dependentvariableof a regressiontaskwasordinally scaledandif it hadonly a �nite
numberof possiblevalues,eachvalueof this variablecouldbe interpretedasa classlabel,so
thatLDA couldbeapplied.This is actuallythecasefor taskdemandestimation,sincewe are
consideringonly di� erentlevelsof taskdemand:low, medium,high,overload.However LDA
doesnotrespecttherelationbetweensuchlabels,i.e. animportantpartof informationcontained
in thedatawouldnotbeusedfor LDA-basedestimationof thefeatures'discriminative power.
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A featurereductionmethodwhich is suitablefor regressiontasksis to considerthecorrelationco-
e� cientbetweeneachfeatureandthedependentvariable.Similarly to LDA basedfeaturereduction,
featurescanberankedaccordingto theabsolutevalueof their correspondingcorrelationcoe� cient,
which is computedfor thefeaturexi asfollows:

rxi ;y =

P R
j=1(x( j)

i � xi)(y( j) � y)
P R

j=1(x( j)
i � xi)2 �

P R
j=1(y( j) � y)2

(4.23)

wherex( j)
i denotesthei th featureof the j th featurevector, xi themeanof thei th featurevalueover all

featurevectors,y( j) thevalueof thedependentvariablebelongingto the j th featurevectorandy the
meanoverall valuesof thedependentvariable.

Whenusingthis methodtheoccurrenceof multi-collinearitiesis very likely, especiallywhenthe
numberof featuresis high. In otherwords,it is verylikely thatfeaturesareselectedwhicharestrongly
correlatedwith eachother. This problemcouldbeovercomeby thecomputationof theuncorrelated
projectionsof thefeaturesusingprincipalcomponentanalysis(PCA)prior to featurereduction.Then
thosecomponentscouldbeselectedasfeatureswhicharebestcorrelatedwith thedependentvariable
without having theproblemof multi-collinearities.PCA hashowever thesamelimitationsasLDA,
sinceaneigenvalueproblemhasto besolvedto obtaintheprincipalcomponentswhichdoesnothave
astablesolutionin caseof high featurevectordimensionalityanddatasparseness.

Finally methodslike forwardselectionor backward eliminationwhich describethedatausinga
linear regressionmodelcouldbeusedfor featurereduction[ChatterjeeandPrice,1991]. With such
a linear regressionmodelonetries to �nd a minimal subsetof featureswhich predictthedependent
variablebest.

� Forward selectionstartswith a regressionfunction which includesonly that featurewhich is
correlatedbestwith thedependentvariable.Thisregressionfunctionis thenextendedbysucces-
sively addingthatfeaturewhich is bestcorrelatedwith theresidualsobtainedfrom theprevious
regressionfunctionestimation.This procedureis continueduntil a certainnumberof features
hasbeenincludedor until thesumof thesquaredresidualsfalls below a prede�nedthreshold.
Thusfeatureswhich explain the dependentvariableareselectedin a moresophisticatedway
than in caseof the correlationbasedmethodproposedabove. However forward selectionis
muchmoretime consuming,sincein eachsteponeregressionfunctionhasto be derived and
thecorrelationbetweentheresidualsandall theremainingfeatureshasto becomputed.Finally
forwardselectiondoesnotguaranteethatmulti-collinearitiesareavoided,but it makesonly sure
thatin eachstepthatfeatureis selectedwhichminimizesthesumof thesquaredresidualsin the
new regressionfunctionmorethanany otherfeature.Notethat this is not necessarilythecase
for thecorrelationbasedmethod.

� The startingpoint for backward elimination is the linear regressionfunction which includes
all features. Now thosefeaturesare eliminatedsuccessively which reduceleastthe sum of
the squaredresiduals. It can be shown that the featureto be eliminatednext musthave the
lowestt-value(for the teststatisticthat thecorrespondingregressioncoe� cient is zero)of all
candidates[ChatterjeeandPrice,1991]. Backward elimination is bettersuitedto copewith
theproblemof multi-collinearities,sincethosefeatureswith a low t-valueeitherdon't explain
thedependentvariablewell or they arehighly correlatedwith otherfeatureswhich arealready
included in the regressionfunction. This elimination procedurecan be continueduntil the
lowestt-valueisaboveacertainthreshold.Similarto forwardselection,thecomputationale� ort



4.4Self-organizing Maps (SOMs) for Data Analysis 64

requiredfor this featurereductionmethodis muchhighercomparedto the correlationbased
approach,sincein eachstepacompleteregressionfunctionmustbeestimated.Furthermoreits
applicationbecomesimpossiblefor too largefeaturevectorsandsparsetrainingdatasincethen
thematrix inversionsrequiredfor theregressionestimationcannot becomputedanymore(see
alsosection4.5.3).

Dueto theproblemsof forwardandbackwardselectionconcerningcomputationalresourcesand
high featurevector dimensionalities,only the correlation-basedmethodwhich hasbeendescribed
above is usedin this work. For the samereasonsno PCA to uncorrelatefeatureswith eachother
is performedbeforecomputingcorrelationsbetweenfeaturesand the dependentvariable. Results
obtainedusingthis featurereductionmethodsarereportedin section6.2.7.

4.3.4 Problemsof FeatureReduction Methods

Onecommondrawbackof almostall featurereductionmethodsdescribedabove (LDA for classi�-
cationtasksandcorrelationor linear regressionbasedmethodsfor regressiontasks)is that they are
linear models. In caseof LDA linear separabilitybetweenthe classesis assumed,the methodsfor
featurereductionin regressiontasksassumea linearrelationshipbetweenthefeaturesandthedepen-
dentvariable.FurthermoreLDA, PCA-baseddecorrelationtechniquesandbackwardselectionarenot
applicablein situationsof datasparsenesspairedwith high featuredimensionality.

Therefore,othermethodsfor featurereductionhave to be investigatedin the futurewhich over-
cometheselimitations. For classi�cationproblemsa promisingapproachwhich candealwith high
featuredimensionalityin casesof sparsetraining datahasbeenproposedfor examplein [Mitchell
et al., 2004].Neverthelesstheapplicationof themethodsproposedabove yieldsacceptableresultsas
well (seesection6).

4.4 Self-organizingMaps (SOMs) for Data Analysis

4.4.1 Moti vation

Self-organizingmaps(SOMs)representa sophisticatedtechniquefor clusteringdatawhich hasbeen
originally proposedby Tevu Kohonen[Kohonen,1995]. Comparedto traditional clusteringtech-
niquessuchask-means,the main advantageof SOMsis that proximity relationsbetweenclusters
canbebettervisualized:While in traditionalmethodsproximity is given by somedistancemeasure
betweenclusterprototypes,SOMsrepresentthe proximity betweenclusterprototypesin a two or
threedimensionalgrid. Considerthe examplein �gure 4.4. From the euclideandistancesbetween
theclusters(determinedby thek-meansalgorithmfor example)it is not straightforwardandin any
casedi� cult to infer theproximity relationwhich is foundby aSOM.While this is alsonot required
whenresultsfrom clusteranalysisaresimply passedto thenext stepof computationalprocessing,a
proximity relationwhich canbe visualizedis extremelyhelpful for manualdataanalysis.Note that
for many applications(and also in this work) not the real distancesbetweenprototypesin feature
spacearedisplayedon the grid. Insteadthe relationholds,that pointswhich areclosetogetheron
thegrid correspondto prototypeswhich areclosetogetherin featurespace.For many dataanalysis
applicationsthis is su� cientor evendesirable.

In this work SOM-basedclusteringis usedto gain insight into thestructureof the taskdemand
data. Featuresareextractedasdescribedin the previous sectionsandthenSOMsaretrainedwith
featurevectorsfrom di� erenttask demandlevels. For eachfeaturevector the bestmatchingunit
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Figure4.4: Comparisonof the outputof a traditionalclusteringalgorithm(e.g. k-means)andof a
SOM. While the traditionalmethodoutputsonly distancesbetweenclusters,SOMscanbe usedto
visualizetheproximity relationsbetweenclusterson agrid.

(BMU) on the grid is computedandvisualizedwhich allows easyanalysisof the spatialrelations
betweenfeaturevectorscorrespondingto di� erenttaskdemandlevels. TheBMU for a givenfeature
vectoris the unit on thegrid to which the prototypewith thesmallestdistance(in featurespace)to
thatfeaturevectorbelongs(seealso�gure 4.7).

Featurevectorswith a large (euclidean)distancein featurespacehave BMUs which arealsofar
away from eachotheron thegrid, while for vectorswith smallerdistancesthecorrespondingBMUs
arealso closertogetheror they areeven identical. Thereforethe spatialrelationsbetweenBMUs
whichbelongto featurevectorsfor di� erenttaskdemandlevelscanbeusedto make inferencesabout
how well thesetaskdemandlevelscanbediscriminated.

Figure4.5 shows two SOMstogetherwith their BMUs, onetrainedon datafrom all four task
demandlevels,theotheronetrainedon datafrom low andhigh taskdemandonly. Whenall four task
demandlevelsareconsidered,it canbeseenthattheBMUs belongingto featurevectorsfor medium
taskdemandoverlapa lot with thosebelongingto featurevectorsfor low andhigh taskdemand.This
indicatesthat mediumtaskdemandcannot be distinguishedwell from the other two taskdemand
levelsby somepredictionmethod(i.e. aclassi�eror aregressionmethod).In theotherSOMone�nds
thatBMUs belongingto featurevectorsfor low andhigh taskdemandarewell separatedsuggesting
thatapredictionmethodcandiscriminatewell betweenthesetwo taskdemandlevels. In section6.2.1
theSOMstrainedontaskdemanddatafrom otherrecordingsessionsareshown andinferenceswhich
canbe madefrom their analysisarediscussed.Notehowever that onecannot necessarilyinfer 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 thisarefeaturevectorsfor taskdemandlevel overloadwhicharewell separatedfrom the
featurevectorsfor othertaskdemandlevelsin theSOMin �gure 4.5,but whicharestronglyconfused
with thesefeaturevectorsby all predictionmethodsexaminedin this work. (For moredetailsabout
thatproblem,pleasereferto section6.2.1.)

4.4.2 Principle

Two di� erentspacesmustbedistinguishedfor SOMs(�gure 4.6):

� Themap: This low dimensional(mostly two dimensional)spacecontainsseveralunits called
neuronswhich areorganizedin a regulargrid. Neuronsareconnectedto adjacentneuronsby
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SOMfor all taskdemandlevels SOM for taskdemandlevelslow andhigh

Figure4.5: SOMstrainedon datafrom all four taskdemandlevels(left-handside)andon datafrom
low andhigh taskdemandonly (right-handside). The intensityof gray indicatesthe taskdemand
level, rangingfrom low taskdemandcodedin light grayto overloadcodedin black.

a neighborhoodrelation,which dictatesthe topologyor structureof the map. Eachneuronis
associatedwith aprototypevector(or weightvector2) in featurespace.

� Thefeaturespace:This is avectorspaceof arbitrarydimensioncontainingtheexamplevectors
andtheprototypevectorsfor eachcluster.

Beforestartingtheactualtrainingprocedure,aSOMhasto beinitialized, i.e. thenumberof units
of thegrid M andthesidelengthof thegrid hasto bedetermined.Theseparameterscaneitherbeuser
de�nedbasedonprior knowledge,or they canbedeterminedin adatadrivenmannerwhichis donein
this work following [Vesantoet al., 2000]. Thevalueof M is calculatedfrom thenumberof training
examplesR usingtheheuristicformula M = 5

p
R. Theratio of grid sidelengthsis basedon theratio

of thelargesteigenvaluesof thedatacovariancematrix,andtheactualsidelengthsaresetsothattheir
productis ascloseto M aspossible.

SOMs are trainediteratively. After a su� cient numberof training steps,it is guaranteedthat
units(or neurons),which areneighborsin themap,alsohave prototypeswhichareclosetogether, no
matterhow theprototypeshavebeeninitialized. Thusaprojectionof highdimensionaldatain alower
dimensionalspaceis obtained.

Sequentialtrainingproceedswith thefollowing steps:

1. Selectadatapoint x randomly.

2. Find the Best MatchingUnit (BMU) c for x in the map, i.e. the neuronc with the closest
prototypevectorat time t mc(t) to x:

c = argmin
i

jjx � mi(t)jj (4.24)

2Theinterpretationasweightvectorjusti®estheexpressionneuronsincethenaunit canbeseenasarti®cialneuronwith
theidentityasactivationfunction.
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Figure4.6: Map andfeaturespaceof a SOM, bothof dimensionalitytwo. For eachunit on thegrid
the correspondingprototypeis shown. In the statedepictedhere,the SOM is alreadytrained,i.e.
unitswhichareclosetogetherin themapcorrespondto prototypevectorswhichareclosetogetherin
featurespace.

wherei is anindex over all neuronsin themap.

3. Now theprototypevectorof eachunit is alteredaccordingto thefollowing updaterule:

mi(t + 1) = mi(t) + � (t)hci(t)[x � mi(t)] (4.25)

Here� (t) is the learningrate,andhci(t) is the neighborhoodkernelaroundthe BMU c. The
neighborhoodkernel usually decreaseswith increasingdistancebetweenc and the unit i to
which thevectormi(t) belongs.Furthermoreit is non-increasingwith respectto thetime t. A
gausskernel

hci(t) = e
d(c;i)2

� 2
t

with anarbitrarydistancefunctiond(�; �) on thegrid (e.g. a block distance)anda valueof � t

whichdependssomehow on t wouldbesuitablefor example.

Di� erentstoppingcriteria areapplicablefor this algorithm. Onecommonchoiceis to abort it,
whentheupdatequantitiesfor theprototypevectorsdropbelow a threshold.

Equation4.25canbe interpretedasfollows: All prototypesm i aremoved in thedirectionof the
examplex. Prototypesarealteredmore,thelarger thedistancebetweenm i andx, andthesmallerthe
distancebetweentheBMU c andtheunit i correspondingto theprototypem i. Thusevenprototypes
which arefar away from x arealteredlittle, whentheir correspondingneuronin themapis far away
from the BMU c, while otherprototypeswhich arefar away aswell from x arealtereda lot, when
their correspondingunit is closeto theBMU c or whenit is c itself (see�gure 4.7).

Training is often divided in two phases.First a large neighborhoodradiusis chosen(i.e. h de-
creasesslowly with increasingdistancefrom theBMU) andthelearningrateis largeaswell, sothatall
prototypesmigratequickly closeto their �nal positions.In thesecondphase�ne tuningis performed
with asmallneighborhoodradiusandasmall learningrate.

SOMscanalsobetrainedin abatchmannerwhereall datapointsareconsideredatonetime. That
meansthatall datapointsplayarole for theupdateof anarbitraryprototypem i whichbelongsto unit
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Figure4.7: Updateof prototypesduringSOM training.While a prototypecorrespondingto a neuron
which is far away from theBMU is alteredlittle (mi), anotherprototypewhich hasa neuroncloseto
theBMU is alteredmuchmore(m j).

i:

mi(t + 1) = � (t)

P R
j=1 hcj i(t)xi (t)
P R

j=1 hcj i(t)
(4.26)

where j = 1; : : :R is theindex over all trainingexamplesandc j = argmaxk jjx j � mk(t)jj, i.e. c j is
theBMU for thetrainingexamplex j .

Similarly to the sequentialtraining algorithm one can seehere that the new prototypevector
mi(t + 1) is in�uencedmostby thosedatapointsx j for which theBMU c j is closeto theneuroni on
themap. For this work theSOM implementationof theMATLAB TM SOM Toolbox[Vesantoet al.,
2000] was used,wherebatchtraining is performedin two phases(approximatelearningand �ne
tuningphase)asexplainedabove. Notethatbatchtrainingandsequentialtraininggenerallyconverge
to thesameresults,sothattheexplanationsgivenabove for thesequentialtrainingalgorithmarevalid
for thebatchtrainingalgorithmaswell.

4.5 Classi®cationand Regression

To determinetheuserstatefor agivenfeaturevector, classi�cationtechniquesmustbeappliedwhich
computeamapping

fc : X ! C (4.27)

whereX denotesthefeaturespaceandC = fc1; : : : cKgthesetof possibleclasslabels.
In contrastto that, task demandis measuredon a continuousor at leaston an ordinal scale.

Thereforeregressionfunctionsaresuitableto estimatethetaskdemandlevel for givenafeaturevector.
A regressionfunctioncomputesamapping:

fr : X ! R (4.28)

Note that if the dependentvariablein a regressiontaskcanonly have a �nite numberof values
(which is for examplethecasewhenthis variableis ordinally scaled),alsoclassi�cationtechniques
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canbeapplied.Thenthefeaturevectorswhich belongto a particularvalueof thedependentvariable
areput into oneclass,whoseclasslabelis thatparticularvalue.In this casehowever theinformation
aboutthe relationbetweenvaluesof the dependentvariablegetslost, sinceclasslabelsareusually
unrelatedto eachother. Thetaskdemandlevelsconsideredin this work areordinally scaled,so that
bothclassi�cationandregressiontechniquesareinvestigatedfor taskdemandassessment(seesection
6.2). Rememberthat for exactly thesamereasonsLDA is applicableto theproblemof taskdemand
estimation,but thecorrelation-basedmethodis expectedto performbetter, sinceit respectstheordinal
scalingof theconsideredtaskdemandlevels(seesection4.3.3).

Twostatisticalmachinelearningmethodsareappliedfor classi�cationandregressionin thiswork:
Arti�cial NeuralNetworks (ANNs) andSupportVectorMachines(SVMs). Both conceptsareex-
plainedin theremainderof thissection.

4.5.1 Arti�cial Neural Networks (ANNs)

4.5.1.1 BasicPrinciple

Thestructureof asinglearti�cial neuronisdepictedin �gure 4.8. It receivesseveralinputsx(in)
1 ; : : : x(in)

I ,
weightseachinput x(in)

i with a weightwi, computesthesumof theweightedinputsand�nally passes
the weightedsumto an ”activation” function g. (The term ”activation” function is usedbecauseof
an analogyto biological neuronswhich generatean axonalresponseonly if the sumof the incom-
ing impulsesis large enough:if theweightedsumis above a threshold(oftenzero)thevalueof the
activation function is positive (or closeto one),otherwiseit is be negative (or positive but closeto
zero).) Commonactivation functionsare”squashingfunctions” which mapan arbitrary input to a
certaininterval (e.g. g(h) = tanh(h) or g(h) = 1

1+ex ), linearfunctionsor gaussians.(For thelatter two
theanalogyto biologicalneuronsdoesnot hold.) Mathematicallytherelationbetweenneuroninput
andoutputcanbeformulatedasfollows: Let x(in) = (x(in)

1 ; : : : ; x(in)
I )T beavectorof neuroninputs,and

w = (w1; : : : ;wI )T theweightvectorof theneuron.Thentheneuroncomputestheoutputfunction

x(out)(x(in)) = g([x(in)]Tw) (4.29)

Often a biasb (which plays the role of the thresholdmentionedabove) is subtractedfrom the
sumof theweightedinputsbeforethenon-linearactivationfunctionis evaluated.Thenequation4.29
becomes

x(out)(x(in)) = g([x(in)]Tw � b) (4.30)

Whensettinghowever x̃(in) = (x(in)
1 ; : : : ; x(in)

I ; � 1)T andw̃ = (w1; : : :wI ; b)T the formulationof
equation4.29canbeused,wherethebiasis includedimplicitly whenx(in) is replacedby x̃(in) andw
by w̃. For simplicity we assumein thefollowing theimplicit inclusionof thebias,however we omit
thetilde.

Theanalogybetweenarti�cial andbiologicalneuronswhich aredescribedin section2.1.2does
notonly referto theactivationfunctionbut somemoresimilaritiescanbefoundaswell. Theinputsof
thearti�cial neuronscorrespondto theelectricalimpulsesbiologicalneuronsreceivevia thedendrites.
Theweight for eachinput couldbe interpretedasthedistanceof thedendriteto thesomasincethis
determinesthe contribution of dendritic impulsesto the overall potentialin the soma. Finally the
subtractionof a biasandthecomputationof a (non-linear)activationfunctioncorrespondto theway
impulsesareprocessedin the somato producean outputimpulsewhich is transmittedvia theaxon
asexplainedabove. Theprocessesin biologicalneuronshowever aremuchmorecomplex thanthose
modeledby arti�cial neurons.Thereforetheanalogywhichcanbeestablishedbetweenbothconcepts
is ratherweak.
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Figure4.8: A singlearti�cial neuronwith a squashingfunction asactivation function (e.g. g(h) =
tanh(h)). Seetext for explanation.

Figure4.9: A multi-layerfeed-forwardneuralnetwork. Seetext for explanation.

An arti�cial neuralnetwork combinesseveralarti�cial neurons,so that theoutputof oneneuron
servesasone input for anotherone. In this work we consideronly feed-forward neuralnetworks,
wherethearti�cial neuronsaregroupedin layersandeachlayerreceivesinputsonly from theprevious
layer (see�gure 4.9). The inputsof the �rst layerarecontainedin the input vectorx(in), which can
bea featurevectorof a classi�cationproblemfor example.Theoutputsof the last layer (which are
theoutputsof thewholenetwork at thesametime) canbefor instanceclasslabelswhich arecoded
accordingto someconvention.All layersexcepttheoutputlayerarealsoreferredto ashiddenlayers,
sincetheiroutputscannotbeobserveddirectly.

The function which is computedby a multi-layer feed-forward network canalsobe formulated
mathematically. Wede�ne x(out) = (x(out)

1 ; : : : ; x(out)
K )T to bethevectorof network outputsandw(out)

k =
(w(out)

k1 ; : : : ;w(out)
kJ ) to be the weight vector of the kth output unit. Furthermorewe de�ne x(hid) =

(x(hid)
1 ; : : : ; x(hid)

J )T to be the outputvectorof the hiddenlayer andw(out)
j = (w(out)

j1 ; : : : ;w(out)
jI ) to be

theweight vectorof the j th hiddenunit. Thenwe cancombineall outputlayer weightsin a matrix
W(out) = (w(out)

1 ; : : :w(out)
K ) andthehiddenlayerweightsin amatrixW(hid) = (w(hid)

1 ; : : :w(hid)
J ). Finally

we de�ne thefunctionsg(out)(:) andg(hid)(:) to betheactivationfunctionsfor theoutputlayerandthe
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hiddenlayerrespectively which take a vectorof weightedsumsasinputsandreturnanoutputvector
whosecomponentsrepresenttheoutputsof theunitsof thecorrespondinglayer. Thenetwork inputs
aregivenasfor thesingleneuronby x(in) = (x(in)

1 ; : : : x(in)
I )T . Now wecanwrite:

x(out)(x(in)) = g(out)[W(out) � g(hid)(Whid � x(in))|                {z                }
=x(hid)

] (4.31)

In theremainderof thissectiontheapplicationof neuralnetworksfor classi�cationandregression
tasksis brie�y described.A moredetaileddescriptioncanbefoundin [Bishop,1995].

4.5.1.2 ANNs for Classi�cation Problems

Let us return to the singleneuronwhosebehavior is describedby equation4.30. Its usefor clas-
si�cation is bestillustratedgeometrically. The weight vectorw togetherwith the biasb de�ne an
I-dimensionalhyperplanewhoseorientationis given by w andwhosea distancefrom the origin is
� b
jjwjj (�gure 4.10). If we settheneuron's activation functiong(h) = tanh(h), its outputis larger then
zeroif an input vectoris locatedon thatsideof thehyperplanewherethevectorw pointsto (which
is thecasefor theexamplevectorsdepictedwith ”+” in the�gure), andit is smallerthanzero,if the
input vectoris locatedon theoppositeside(which is thecasefor theexamplevectorsdepictedwith
”-” in the�gure). Finally theneuron's outputhastheexactvalueof zero,if theinput vectoris located
exactlyon thehyperplane.

Now we assigneachinput vectora target valuewhich is either+1 or � 1. (For a binaryclassi�-
cationproblemthe target valuescanbe interpretedasclasslabels.) In the following we de�ne that
the input vectorswhich aredepictedwith ”+” have the target value+1 andthey arereferredto as
positive examples,while the input vectorswhich aredepictedwith ”-” have the target value� 1 and
they arereferredto asnegative examples.Thustheexamplevectorsx(in) in �gure 4.10areall classi-
�ed correctlyif we computethenetwork predictionsby sgn(x(out)(x(in))). We concludethata single
arti�cial neuronis ableto discriminatebetweenpositive andnegativeexamplesaslongasthey canbe
separatedby a hyperplane.In otherwords,a singlearti�cial neuroncanbeusedasbinaryclassi�er
for linearlyseparableproblems.

Naturally a training procedureis requiredbeforean arti�cial neuroncan be actually usedfor
classi�cation,sinceonecannot expectthat for a randominitialization of the vectorw positive and
negative examplesareclassi�ed correctly. For the simplecasewhereonly a singleneuronis used,
thereis anintuitive explanationof thetrainingprocedure.Startingwith arandomlyinitializednormal
vector, all trainingexamplesareconsideredandwhenever a trainingexampleis misclassi�ed(i.e. on
thewrongsideof thehyperplane),thenormalvectoris moveda bit in thedirectionof thatexample
if theexampleis positive, or in theoppositedirectionif theexampleis negative (�gure 4.11). Math-
ematicallythis canbedescribedasa gradientdescenton anerrorfunctionwhich is describedbrie�y
below for themoregeneralcaseof multi-layerfeed-forwardneuralnetworks.

Notethatif wehave I-dimensionalinputvectors,weobtainanI +1 dimensionalhyperplanewhich
passesthroughtheorigin, if the encodethe biasimplicitly in the weightvectorasexplainedabove.
Whenusinganexplicit bias,anI dimensionalhyperplaneis obtainedwhichdoesnotnecessarilypass
thoughthe origin asshown in �gure 4.10. Both formulationsarecompletelyequivalent. While the
secondone is moresuitablefor visualization(the behavior of a single neuronwith two non-bias-
relatedinputscanbeeasilyvisualizedin a two dimensionalcoordinatesystemhere),we usethe�rst
onein thefollowing becauseof its mathematicalsimplicity.

The classesof real-world classi�cationproblemscannot alwaysbe linearly separated.Thusa
singleneuronis not suitableto addresssuchproblems.Usinghowever a multi-layerneuralnetwork
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Figure4.10:Geometricinterpretationof thebehavior of asingleneuronwith two inputs,i.e. in a two
dimensionalfeaturespace.Thehyperplanede�ned by theweightvectorw hasadistanceof � b

jjwjj from
theorigin. For theexamplevectorsdenotedwith ”+” theneuronoutputsavaluelargerthan0, for the
examplesvectorsdenotedwith ”-” it outputsa valuesmallerthan0, wheng(h) = tanh(h) is usedas
activationfunction.

with at leastonehiddenlayer anda su� ciently large numberof neuronsin this hiddenlayer, two
classescanbe separatedin virtually every way. Kolmogorov's theoremeven statesthat a network
with two hiddenlayersanda certainnumberof neuronsin eachlayer is ableto learnevery mapping
from anarbitraryinputspaceto acontinuousoutputvariable.This impliesthatsuchaneuralnetwork
is theoretically ableto representanarbitrarycontinuousfunction(which is interestingfor regression
problems)or an arbitrarypartitioningof datainto two classes(in caseof classi�cation problems).
Thepracticalrelevanceof this theoremis limited however sincespecialrequirementsareimposedon
theactivation functionswhich can't alwaysbe ful�lled whenusingstandardtraining techniques.In
practiceoften networks with onehiddenlayer areusedandthe numberof hidden-layerneuronsis
adaptedto thecomplexity of theproblem.

Up to now only binary classi�cation problemshave beenconsidered,wherepredictionsfor a
vectorx canbecomputedvia sgn(x(out)(x)), whentheclasslabelsare� 1 and+1 asexplainedabove.
For amulti-classclassi�cationproblemnetworkswith morethanoneoutputunit have to beusedand
theclasslabelshave to betranslatedto anappropriateoutputcoding.For theexperimentsin thiswork
thefollowing outputcodingwaschosen(which is suitablefor g(h) = tanh(h) asactivationfunction):

Let f1; : : : ; Kg be the labels for K classes. Then K neuronsin the output layer are usedand
classi is assigneda target vector t i whereall componentsare � 1 except the i th componentwhich
is +1. Thus if we distinguish6 classesfor example,class4 would be assignedthe target vector
t4 = (� 1; � 1; � 1; 1; � 1; � 1)T .

Thepredictedclassi for agivennetwork outputx(out) cannow befoundby determiningthattarget
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Figure4.11: Trainingof a singleneuronfor its applicationasbinaryclassi�er. Theexampleon the
upperright is misclassi�edby the original hyperplane(dashedline). In the next training stepthe
normalvectorof thehyperplaneis moved into thedirectionof themisclassi�edexampleso that the
new hyperplane(solid line) doesnotproducethismisclassi�cationanymore.

vectorfor which theeuclideandistanceto thenetwork outputis minimal, i.e.

i = arg min
j=1;:::;K

jjx(out) � t j jj

It caneasilybeshown thatthis is equivalentto determiningtheindex thelargestcomponentof the
outputvectorx(out), i.e.

i = arg max
j=1;:::;K

x(out)
j

The latter methodis computationalmoree� cient, sincethereis no needto comparethe output
vectorwith thetargetvectorfor eachclass.

4.5.1.3 ANNs for RegressionProblems

For the estimationof a scalarregressionfunction usinga multi-layer feed-forward neuralnetwork
only oneoutputunit with a linearactivation function is required(�gure 4.12). If this function is set
to theidentity, only theweightedsumof theoutputsfrom thehiddenlayerneuronsis computed.No
outputcodingis requiredhere.Theoutputof thenetwork canbeinterpreteddirectly aspredictionof
thedependentvariableof theregressionfunction. For thetrainingprocedurethegivenvaluesof the
dependentvariablefrom the trainingexamplescanbe useddirectly astargets. Notehowever that it
is advisableto normalizetargetvaluesbeforetrainingsothatthey residein a known interval (andto
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Figure4.12: Topologyof a multi-layer neuralnetwork for regressionestimation.The hiddenlayer
units usetanhactivation functionswhile the outputunit usesthe identity asactivation function as
depictedby thesymbols.

unnormalizepredictionslater)in orderto beableto selecttheinitial weightsin awaythatthetraining
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 consistsof a singleneuron(seeabove), thetrainingprocedurefor a neuralnetwork is slightly
morecomplex. In this work we usea simplealgorithmcallederrorback-propagationfor ANN train-
ing. Only theprincipleof thisalgorithmis illustratedhere.For furtherdetailsandtherathertechnical
derivationof thealgorithmreferto [Bishop,1995].

The goal of error back-propagationis to minimize someerror function on the training data. A
very commonerrorfunctionis thesumof thesquareddistancesbetweenthetargetsandthenetwork
outputsfor all trainingexamplesin thetrainingsetTR = fx; tg:

E(W(hid);W(out)) =
X

(x;t)2TR

jjt � x(out)(x)jj2 (4.32)

The relation betweenthe weight matricesW(hid) and W(out) and the computednetwork output
x(out)(x) is givenby equation4.31.

Minimization of theerrorfunction4.32is performedusinga gradientdescentwith respectto the
network weights.This resultsin di� erentupdateequationsfor theweightsin W(out) andW(hid) of the
outputandthe hiddenlayer. In the updateequationsfor the weightsin W(hid) local errorsareused
which areobserved at theunitsof theoutputlayers.This explainsthenameerrorback-propagation
for this trainingprocedure.
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4.5.1.5 Practical Problems

Somepracticalproblemsmustbeconsideredfor theapplicationof neuralnetworks in classi�cation
or regressiontasks.They aresummarizedbrie�y in this section.A moredetaileddiscussionof these
issuesis providedin [Bishop,1995].

� Whenusingtheerror functionof equation4.32it is importantto adjusttheamountof training
datafor all classesto beapproximatelyequal,i.e. to createbalancedtrainingdata.Otherwise
thenetwork mightbecomebiasedtowardsthoseclasseswhichcontainmoretrainingexamples,
sincetheminimizationof theerrorfor theexamplesof suchclassesoftenminimizestheoverall
errorfunctionbest.

� If the valueof the dot productbetweeninput vectorsandthe weight vectorh = xTw is too
large,changesof thenetwork weightscausevirtually nochangein thenetwork outputsincethe
slopeof sigmoid-andtanh-activation functionsfor large argumentsis extremelysmall. This
may leadto a very slow convergenceof thetrainingprocedure.A goodheuristicto avoid this
problemis to initialize the network weightsrandomlyto small values,e.g. from the interval
[� 1; 1]. Thee� ectof small, randomlyinitialized weightsgetslost however whenthenetwork
inputsaretoo large. Thereforethe network inputsshouldbe eithertransformedso that their
valuesresidealsoin asmallinterval aroundzero(again[� 1; 1] is suitablefor instance),or each
network weightmustbeadaptedto therangeits input,sothatat theendthevalueof h is keptin
a reasonablerange.In thiswork featuresarenormalizedbeforethey areusedasnetwork inputs
sothatthey havevalueswhichareat leastcloseto [� 1; 1] (seesection4.2.3).Thereforeweights
aresimply initialized randomlyin [� 1; 1] to assurereasonablefastconvergenceof thetraining
algorithm.

� Randomweightinitializationsarealsothereasonthatdi� erentlocal minimaof theerrorfunc-
tion are found, whena network is trainedseveral timeswith the sametraining data. When
now theprocessof trainingandevaluationof thenetwork performanceon testdatais repeated
several times,resultsexhibit certain�uctuations. They canbereduced,althoughnot avoided,
whenfor a giventrainingandtestsetmorethanonenetworksaretrainedandevaluated.Then
majority decisions(in caseof classi�cation)or averagingover all network predictions(in case
of regression)canbeusedto obtainmorestableestimatesfor correctclasslabelsor regression
functionvalues.

� The problemof over�tting the training datacan be treatedin several ways for neuralnet-
works [Bishop, 1995]. In this work a techniquecommonlyknown asearly stoppingis used.
Theerroron thevalidationsetis computedaftereachtrainingepoch,usingtheerror function
from equation4.32.Thegoalis to �nd thatepochwherethevalidationerrorhasits globalmin-
imum. Using the network with the weightsfrom this epoch,oneassumesthat generalization
performanceandthustheerroronunseendatais best(�gure 4.13).To �nd theglobalminimum
of the validationerror a heuristicis applied: Eachtime after a potentialminimum (which is
not necessarilyglobal) hasbeenfound, training is continuedfor a few moreepochs.Only if
duringtheseepochsthevalidationerrordoesnot decreaseagain(or alternatively if it doesnot
fall below thepreviously foundminimum),trainingis abortedandtheweightsfrom theepoch
wherethe validationerror wasminimal areused. Otherwisetraining is continued.To make
surethat thealgorithmstopsaftera �nite numberof epochs,training is abortedaswell when
thetrainingerrordropsbelow acertainthreshold.
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Figure4.13: Trainingerror(blackline) validationerror(grayline) anderror for unseendata(dashed
line) over the numberof training epochs.Ideally the error for unseendataandthe validationerror
have their minimumatapproximatelythesameepoch.

4.5.2 Support-Vector-Machines(SVMs)

SVMs arean interestingalternative to ANNs for the constructionof classi�ersor the estimationof
regressionfunctions.Therearetwo essentialadvantagesof SVMscomparedto ANNs:

1. Thetopologyof a neuralnetwork, i.e. thenumberof hiddenlayersandthenumberof neurons
perhiddenlayer, hasto bedeterminedbeforenetwork training. Thereforeeitherprior knowl-
edgeis requiredto determinethenetwork topology, or time consumingcrossvalidationmust
beappliedto selectthebesttopologyoutof a hugenumberof possibilities.For SVMsno such
topologyselectionis required.

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

FurthermoreSVMshaveusuallygoodgeneralizationpropertiesandnovalidationsetis requiredto
estimatethegeneralizationperformanceof thelearnedmodels,in contrastto ANN trainingprocedures
wheremethodslike early stoppingrequirevalidation data. Insteada penaltyterm is usedwhich
keepsthe model complexity low and thus avoids over�tting. Note that similar techniquesknown
asweight decayarealsoapplicableto neuralnetworks [Bishop,1995]. However the weight of the
penaltyterm plays an importantrole hereand it is often determinedusing againcrossvalidation
(seefor instance[Duta et al., 2004]). This problemis lessseverefor SVMs. More detailson how
generalizationis achievedfor SVMsaregivenin section4.5.2.5.

In theremainderof thissectionthebasicprincipleof SVMsis summarizedbrie�y (seefor instance
[Burges,1998]for amoredetailedintroduction)andextensionsof theoriginalSVM formulation,i.e.
of the useof SVMs asbinaryclassi�ers,aredescribed.Theseincludethe applicationof SVMs for
multi-classclassi�cationproblemsaccordingto [CrammerandSinger, 2001]andfor theSVM-based
estimationof regressionfunctionswhich is describedin detail in [SmolaandScḧolkopf, 1998].
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Figure4.14: Separationbetweentwo (linearly separable)classesin a two dimensionalfeaturespace
found by an ANN (left) andan SVM (right). While the ANN training procedurecanconverge to
severalpossiblesolutions,theSVM determinesa uniquehyperplanewhich maximizesthemargin �
to thepositive examples(denotedwith ”+”) andnegative examples(denotedwith ”-”).

4.5.2.1 Basicprinciple

In their original versionSVMs arebinaryclassi�ers. Themostsimplevariant,the linearSVM, can
separatetwo classesin afeaturespaceof arbitrarydimensionby ahyperplane.Thesameproblemcan
alsobesolvedby asinglearti�cial neuron(seesection4.5.1.2).Thedi� erencebetweenbothmethods
canbeunderstoodintuitively whencomparingtheseparationswhich arefoundfor linearly separable
classi�cationproblemsin a two dimensionalfeaturespaceby eachof theclassi�ers(�gure 4.14).

Thesingleneuronmay�nd di� erentseparatinghyperplanes(lines in thetwo dimensionalcase),
dependenton the (local) minimum of the error function to which the training procedureconverges.
TheSVM insteaddeterminesa separationbetweentheclasseswhich is in a certainsenseoptimal. It
maximizesthe”securitymargin” � to both,thepositive (denotedwith ”+”) andthenegative (denoted
with ”-”) trainingexamples.

Mathematicallythehyperplanewhich is foundby anSVM is givenby

wT � x + b = 0 (4.33)

wherew is thenormalvectorof thehyperplaneandb ano� setwhich is proportionalto thehyper-
plane's distancefrom theorigin (thedistanceis exactly b

jjwjj). An exampleis classi�edto bepositive if
wTx + b > 0, otherwiseit is classi�edto benegative. Let now theclasslabelyi for a trainingexample
xi be +1 if xi is a positive exampleand� 1 otherwise. Thenthe following conditionshold for the
trainingdataTR = f(xi ; yi)gwith respectto thehyperplanede�ned by equation4.33which hasbeen
determinedduringtraining:

8(xi ; yi) 2 TR : yi(w � xi + b � � ) (4.34)

In otherwords,all trainingexampleshave adistanceof at least� from thehyperplane.(Notethat
theabove conditionscanonly beful�lled, if thetrainingdatais linearlyseparable.)

To obtainmaximalmargins,thevalueof � hasto bemaximized.Divisionby � andsettingw̃ = w
�

andb̃ = b
� resultsin thefollowing conditionwhichmustbeful�lled for thetrainingdata:

8(xi ; yi) 2 TR : yi(w̃ � xi + b̃) � 1 (4.35)

Now the valueof � canbe maximizedvia the minimizationof jjw̃jj. Thuswe endup with the
following constrainedoptimizationproblemwhichhasto besolvedto �nd thedesiredseparationwith
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Figure4.15:Two outlierexamples(highlightedin gray)whichmakea linearseparationof theclasses
impossible(left) andthesolutionof thisproblemusingsoftmargins(right).

amaximalmargin. (Fromnow onwe omit thetilde in equation4.35for betterreadability):

Minimize jjwjj

subjectto

yi(w � xi + b) � 1 8(xi ; yi) 2 TR (4.36)

Note that the �nal separationis determinedby only a few trainingvectorswhich arereferredto
assupportvectors.Thesupportvectorshave thepropertythatthey arelocatedexactlyon thesecurity
margin.

Figure4.15illustratesasituationwhereonly becauseof two trainingexamplesnolinearseparation
betweenthetwo classesis possibleanymore,althoughbothexamplesarelikely to beoutliers.To cope
with thatproblemsoftmarginsareintroduced,whichallow thattrainingexamplesviolatethesecurity
margin atacertaincost.Equation4.35becomesnow

8(xi ; yi) 2 TR : yi(w � xi + b) � 1 � � i (4.37)

where� i determineshow muchthemargin is violated.
Usingsoftmargins,theoptimizationproblemof equation4.36mustbeextendedto:

Minimize jjwjj + C
P

i � i

subjectto

yi(w � xi + b) � 1 � � i 8(xi ; yi) 2 TR (4.38)

C is auser-speci�edfactorherewhichdeterminesthecostfor theviolationof thesecuritymargin.
High valuesof C favor little violationswhich resultsin a smallmargin in consequence,lower values
of C producemoremargin violationsthusallowing a largermargin.
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The optimizationproblem4.38 can theoreticallybe solved using standardtechniquesfor con-
strainedoptimization. However thesetechniquesinvolve the computationof matriceswhosesize
growsquadraticallywith thefeaturevectordimensionality. Thereforetheapplicationof standardtech-
niquesbecomesalreadyunfeasiblefor featurevectorsof mediumsizebecauseof speedandmemory
reasons.To overcomethat problemseveral approximationsand modi�cations of the standardop-
timization algorithmshave beendeveloped. For moredetailsconcerningthe solutionof the SVM
optimizationproblem,pleasereferto [Burges,1998].

4.5.2.2 Non-linear SVMs

SVMs arealsoapplicableto classi�cationtaskswhereclassesarenot linearly separable.In sucha
casethefeaturevectorsx which we assumenow to beelementsof RN aremappedinto aneuclidean
spacewith ahigher(possiblyin�nite) dimensionalitywhichwecall H usingamapping� :

� : RN ! H

Becauseof several �ndings of statisticallearningtheory (see[Burges,1998]) it is a plausible
assumptionthat if only the dimensionalityof H is high enough,the classescanagainbe separated
linearly in H . Note however that in this casethe securitymargin is maximizedonly for the linear
separationin H but not for the (non-linear)separationof the classesin the original featurespace.
Neverthelessthegeneralizationperformanceof non-linearSVMs is usuallystill very good.Theopti-
mizationproblemfrom equation4.38looksasfollows for thenon-linearcase:

Minimize jjwjj + C
P

i � i

subjectto

yi

�
� (w) � � (xi ) + b

�
� 1 � � i 8(xi ; yi) 2 TR (4.39)

Themapping� is never computedexplicitly, sincethiswouldbecomputationallyveryexpensive
for asu� cientlyhighdimensionalityof H andeveninfeasibleif thedimensionalityof H wasin�nite.
Theexplicit evaluationof � is avoidedusingamethodcommonlyreferredto as”kerneltrick”:

During optimizationit turnsout, that thevectorw canbewritten aslinearcombinationof some
trainingvectors,the ”supportvectors”,which we de�ne to belongto a setSV. As explainedabove,
thesevectorshave thepropertythatthey lie directlyon themargin andthusuniquelyde�ne thesepa-
rationbetweentheclasses.Thusw becomes

w =
X

i2SV

� ixi (4.40)

where� i representtruly positive weightsfor thesupportvectorsx 2 SV.
Furthermoreduringclassi�cation,i.e. theevaluationof sgn(w � x+ b) for sometrainingexamplex

andalsoduringoptimizationonly dot productsbetweenfeaturevectorsarecomputed.Thereforewe
cande�ne

k(xi ; x j) = � (xi)T � � (x j ) (4.41)

to bethedotproductbetweentwo featurevectorswhichhave beenmappedbeforeto H using� .
Substitutionof equation4.40 in equation4.39andapplicationof the identity 4.41yields in the

following optimizationproblemwhereno explicit mappinginto H is requiredanymore:
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Minimize jjwjj + C
P

i � i

subjectto

yi

�
k(w � xi) + b

�
� 1 � � i 8(xi ; yi) 2 TR (4.42)

The function k(�; �) is calledkernel function and it canbe any function which ful�lls Mercer's
condition(see[Burges,1998]for anexplanationof thiscondition).If this is thecaseit canbeproved
that thekernelfunctioncomputesa dot productin somehigh dimensionaleuclideanspaceH which
needsnotnecessarilyto beknown.

Weconcludethatthekerneltrick for computingthedotproductbetweenfeaturevectorsis useful
to applySVMs for non-linearlyseparableproblemswithout increasingtheamountof computational
costtremendously. Only theevaluationof thekernelfunctionneedsusuallymorecomputationthan
theevaluationof thedot productin featurespace.Thereforethecomputationale� ort for non-linear
SVMs increasesonly by amultiplicative constantcomparedto linearSVMs.

Popularkernelfunctionsare

k(x; y) = (xT � y + c)d (4.43)

k(x; y) = ejjx� yjj=(2� 2) (4.44)

k(x; y) = tanh(� (xT � y) � � ) (4.45)

whered, � , � and� arefreeparameterswhichareusuallydeterminedusingcross-validation.Note
that becauseof the needfor cross-validation to tune the kernelparameters,often linear SVMs are
preferredto non-linearSVMs whenit is not known a priori that thedatafollows a highly non-linear
relationship.

4.5.2.3 Multiclass SVMs

Up to this point only binary classi�cationproblemshave beenconsideredin the context of SVMs.
Theproblemof userstateidenti�cation which is addressedin thiswork involveshowever thediscrim-
inationof morethantwo classes.Onepossibility to apply SVMs for multi-classclassi�cationis to
train anSVM for eachclasswhich discriminatestheexamplesof this classfrom all others.Thenthe
distancefrom themargin computedby thedi� erentSVMs canbeusedasa criterionto make a �nal
decisionfor the predictedclass,if morethanoneSVMs decidethat an examplebelongsto ”their”
class.In this work a moreelegantsolutionof that issue,proposedin [CrammerandSinger, 2001],is
usedwhichaddressesthemulti-classclassi�cationproblemfor SVMsdirectly. Thefunction fc which
mapsa featurevectorto aclasslabelis de�ned hereasfollows:

fc(x; M) = argmax
r

fM r � xg (4.46)

fc simplydecidesthatanexamplex belongsto thatclassr for which thesimilarity betweenx and
theprototypevectorM r for classr (expressedvia thedot productof bothvectors)is maximal. The
matrix M containstheprototypevectorsM r aslines.

Theempiricalerrorof theclassi�er in equation4.46on thetrainingsetTR = f(x i ; yi)gcanthusbe
formulatedas:
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Eemp =
1

jTRj

X

(xi ;yi )2TR

(1 � � fc(xi ;M);yi ) (4.47)

Theconceptof margin maximizationis introducednow by replacing(1 � � fc(xi ;M);yi ) in equation
4.47by

max
r

fM r � xi + 1 � � r;yi g� M yi � xi (4.48)

Thusthe error for an example(xi ; yi) is zeroonly if thesimilarity betweenxi andthe prototype
of its correctclassM yi is at leastlargerby onethanthesimilarity betweenxi andthesecondsimilar
prototype.Otherwisetheerrortheerrorincreasescontinuously.

Theoptimizationproblemto besolvedfor multi-classSVMs is similar to theproblemfor binary
SVMs:

Minimize jjMjj2

subjectto

M yi � xi + � yi ;r � M r � xi � 1 8r 8(xi ; yi) 2 TR (4.49)

The incorporationof slackvariablesandkernelsis analogousto theprocedurefor binarySVMs
which hasbeenexplainedin sections4.5.2.1and4.5.2.2.For moredetailspleaserefer to [Crammer
andSinger, 2001]. In this work anextensionof thepublicly availableSVM light software[Joachims,
1999] is usedfor SVM basedmulti-classclassi�cation, which embedsthe above formulation in a
moregeneralframework (see[Tsochantaridisetal., 2004]for details).

4.5.2.4 RegressionSVMs

For theestimationof regressionfunctionsthetrainingexamples(x i ; yi) 2 TR containa featurevector
xi as in caseof classi�cationanda continuousvalueyi which is the target valueof the regression
function f to bepredicted.

Thesimplestcaseis to learnonly a linearfunction:

f (x) = w � x + b (4.50)

Usually it is unfeasiblein the presenceof noiseto �t dataexactly to a linear function (even if
thedatafollows a linearrelationship).For ordinaryleastsquareregressionthis problemis addressed
by minimizing thesquarederrorbetweenthevaluesof theestimatedfunctionandthe targetsof the
training examples. In caseof SVM-basedregression,noiseis consideredsimply by requiring the
trainingexamplesto lie within an� -tubearoundtheestimatedfunctionin orderto causeno cost(see
also�gure 4.16). Thusthe following constraintsareimposedfor theestimationof f with respectto
thetrainingdata:

8(xi ; yi) 2 TR

yi � w � xi � b � �

and

w � xi + b � yi � � (4.51)
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Figure4.16: Useof soft margins for SVM regression.The � -tubewheretargetsof the trainingdata
may lie without causinga cost is shadedin gray. Only outlierswhich do not lie within the � -tube
causeacostwhich is proportionalto � or � � respectively.

Additionally onerequiresthat the �attest possiblefunction is chosenout of all functionswhich
ful�ll the above constraints.In analogyto classi�cationSVMs, �atness is de�ned herein termsof
jjwjj, i.e. jjwjj is to beminimizedto obtainthe �attest function. For a morerigid justi�cation of that,
pleaserefer to [Smola,1998]. Intuitively the �attest functioncanbe thoughtasthat functionwhich
adaptsleastto the noiseof the training data,which is particularlyevident for non-linearregression
functions.

Thuswehave thefollowing optimizationproblemfor SVM regression:

Minimize jjwjj subjectto

yi � w � xi � b � �

and

w � xi + b � yi � � 8(xi ; yi) 2 TR (4.52)

Similarly to theclassi�cationcasetheintroductionof softmarginsmakessenseheretoo, in order
to reducethein�uenceof singleoutliersontheestimatedfunction(�gure 4.16).Thentheoptimization
problembecomes

Minimize jjwjj + C
X

i

� i + � �
i

subjectto (4.53)

yi � w � xi � b � � + � i

w � xi + b � yi � � + � �
i

� i; � �
i � 0 8(xi ; yi) (4.54)

Exactly in analogyto classi�cation SVMs, kernelscan be usedas well to estimatenon-linear
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regressionfunctions. Note however that hereagainthe useof kernelsrequirescross-validation to
determineappropriatekernelparameters.

For thesolutionof theoptimizationproblemsrelatedto SVM regressionthesametechniquesas
for SVM classi�cationareapplied.ThesoftwareSVM light [Joachims,1999] is usedin this work for
SVM-basedregressionfunctionestimation.

4.5.2.5 GeneralizationPropertiesof SVMs

Now thatthebasicconceptsof SVMsareintroducedtheirgeneralizationpropertiesshallbeanalyzed
brie�y . Theactualgoalof eachclassi�cationor regressiontaskfor which a mappingf (x) = y must
be learned,is to minimize someerror function for unknown data(i.e. theactualerror Eactual). The
datais assumedto begeneratedby aprobabilitydistribution P(x; y).

Eactual =
Z

c
�
x; y; f (x)

�
dP(x; y) (4.55)

wherec is anarbitrarylossfunctionsuchasthesquarederror(y � f (x))2

SinceP(x; y) is usuallynot known, the actualerror cannot be computedexactly. Neural net-
works(without regularizationtechniquessuchasearlystoppingor weightdecay, seesection4.5.1.5)
approximatetheactualerrorusingtheempiricalerroron thetrainingsetTR:

Eemp =
1

jTRj

X

(x;y)2TR

c(x; y; f (x)) (4.56)

whichis clearlysuboptimalsinceit makesover�tting verylikely. Thereforein caseof SVMsapenalty
termis addedto Eemp sothatthefollowing errorfunctionis minimized:

ESVM = Eemp + � jjwjj (4.57)

It hasbeenshown above that theminimizationof jjwjj correspondsto �nding thehyperplane(in
featurespacefor linear SVMs, in H for non-linearSVMs) with the maximalmargin to the classes
to be separatedfor a classi�cation problem,or to �nding the �attest function which approximates
thedatafor a regressionproblem.Theabove formulationshows now thatthereis a relationbetween
thesecriteriaandtheapproximationof theactualerror in caseof SVMs. Theminimizationof jjwjj is
usedhereto avoid over�tting sincetheoverall errorcannot beminimizedsimply by minimizing the
empiricalerroronly. ThereforeSVMs have usuallygoodgeneralizationpropertiesalthoughno extra
cross-validationis required.

4.5.3 Multiple Linear Regression

Multiple linear regressionis a very simple methodfor the estimationof regressionfunctions. In
contrastto SVMs(with kernels)andmulti-layerneuralnetworkswhichcanestimatenon-linearfunc-
tions, only linear relationshipscan be obtainedusing this method. Given the training dataTR =
f(x1; y1); : : : (xR; yR)g, thegoalis to learna function

f (x) = wT � x + b (4.58)

suchthattheempiricalerrorfor thetrainingsetTR is minimized.In ordinaryleastsquare(OLS)
regressionthis is themeansquareerror
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Eols =
1

jTRj

X

(xi ;yi )2TR

(yi � f (xi ))2 (4.59)

Now we explain how a regressionfunction is foundusingOLS regression.Let the trainingdata
be

For thesake of clarity we eliminate�rst theparameterb from equation4.58by setting

w := (w(1); : : :w(N); b)T

xi := (x(1)
i ; : : : ; x(N)

i ; 1)T for i = 1; : : :R

wherex( j)
i denotesthe j th componentof thei th featurevectorandw( j) the jth regressioncoe� cient.

Thenequation4.58becomes

f (x) = wTx

Now we de�ne y = (y1; : : : ; yR)T and

X =
�

xT
1

::: xT
R

�

Usingtheabove de�nitions theregressioncoe� cientsŵ whichminimizetheerrorfrom equation
4.59arethebestapproximative solutionof thesystemof linearequations:

y = X � w

Obviously anexactsolutionfor equation4.5.3canonly befoundif thematrix X hasa rankof N
which is usuallynot thecase.Notethatanexactsolutionof theequationwould yield in anempirical
errorof zero,sinceif ŵ = w we have

0 = jjy � X � ŵjj =
X

(xi ;yi )2TR

(yi � ŵTxi)2 = Eols

Normally theproblem4.5.3is however eitherunderdeterminedor over determined.In thatcase
anapproximatesolutioncanbecomputedwhich minimizesEols, usingthepseudoinverseX+ of X.
Thismatrixhastheimportantpropertythattheestimate

ŵ = X+ � y

for w minimizesjjy � X � wjj2 which also minimizesEols. The pseudoinverseof a matrix is
usuallycomputedusinga singularvaluedecompositionandits computationis possibleeven if the
matrix is notsquareandof full rank.For adescriptionof morepropertiesof thepseudoinverseandan
explanationof thealgorithmfor singularvaluedecompositionpleasereferto [GolubandLoan,1996].

More informationaboutmultiple linearregressionmethodsandthestatisticalanalysisof theob-
tainedregressionfunctioncanbe found in [ChatterjeeandPrice,1991]. Notehowever somecondi-
tionsmustbeful�lled sothatstatisticalmethodsfor the interpretationof theregressionfunctioncan
beapplied. In particularthefeaturesarerequiredto beuncorrelatedandthedistribution of thevari-
ableto bepredictedis assumedto begaussian.Both conditionsarenot ful�lled whenwe applyOLS
regressionto theproblemof taskdemandassessmentfrom high dimensionalEEGdata.

Note�nally thatordinaryleastsquareregressionminimizesonly theempiricalerrorwithoutper-
forming any regularizationin order to attemptto minimize the actualerror in contrastto SVMs.
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Thereforeoneshouldexpect that SVMs have bettergeneralizationpropertiesthanOLS regression.
FurthermoreSVMs canestimateregressionfunctionseven in casesof high featuredimensionality
andsparsetrainingdata. In caseof OLS regressionthis leadsto stronglyunder-determinedsystems
of linearequationsfor whicheventhecomputationof apseudoinverseis notpossibleanymore.

4.6 PerformanceMeasurements

In this sectionsomemeasuresto evaluatethe performanceof classi�cationor regressionfunctions
areintroduced.This overview shouldhelp the readerto interpretthe resultspresentedin chapter6
correctly.

4.6.1 PerformanceMeasurementsfor Classi�cation Problems

As explainedin section4.5a classi�cationfunctionassignsa classlabelck drawn from a �nite setof
labelsC = fc1; : : : ; cKgto a given featurevectorx: f (x) = ck. Let the classlabelsbe now positive
integersfor simplicity, i.e. C = f1; : : : ; Kg. Thenfor a given testsetTE = f(x; y)g, wherey denotes
thecorrectclasslabelfor thefeaturevectorx, theperformanceof aclassi�cationfunctionon this test
setcanberepresentedin aconfusionmatrixCM:

CM = fci jgK
i; j=1 with (4.60)

ci j =
X

(x;y)2TE

� y;i � � f (x); j

Theentriesof theconfusionmatrixcanbeinterpretedasfollows: Theelementci j , i.e. theelement
in the ith line andthe j th columncontainsthe numberof testexampleswhich belongto classi and
whichareclassi�edby thefunction f to belongto classj. Thusin thediagonalof CM thenumberof
thoseexamplesis foundwhichareclassi�edcorrectly.

Theaccuracy Ai for classi is de�ned astheratio of thenumberof examplesbelongingto classi
which wereclassi�ed correctlyto thenumberof all examplesbelongingto classi in the testtest. It
canbecalculatedfrom theconfusionmatrix:

Ai =
cii

P K
j=1 ci j

(4.61)

Theaverageaccuracy A over all classesis thende�ned as:

A =
1
K

KX

i=1

Ai (4.62)

Notethat if testsetsarenot balanced,i.e. if thedi� erentclassesdo not containanequalamount
of data,it is importantto distinguishbetweentheaverageaccuracy andthetotal accuracy A(t) which
wede�ne hereto betheratioof all correctlyclassi�edexamplesto all examplesin thetestset:

A(t) =

P K
i=1 cii

P K
i; j=1 ci j

(4.63)

It is evident that classescontainingmoreexamplescontribute moreto the total accuracy, if the
testsetis notbalanced.This introducesunwantedbiasesin theresults,sinceonecannot assumethat
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userstates,for which muchdatais availablefrom our datacollection,alsooccurmostfrequentlyin
real life situations. In this work unbalancedtestsetsareusedin order to exploit all availabledata
for testing. This hasthe advantagethat accuraciesfor thoseclassescontainingmany testexamples
aremorereliable. Theabove problemof biasedresultsin caseof unbalancedtestsetsis avoidedby
reportingalwaysaverageaccuraciesinsteadof totalaccuracies.

In thefollowing accuraciesfor di� erentclassesor averageaccuraciesfor completetestor valida-
tion setsarereportedin mostcasesto evaluatethe systemperformance,sincethis measureis more
concisethana confusionmatrix. Only for a few analysesconfusionmatricesareconsideredaswell.
This is especiallyinteresting,whentheaccuracy for oneor moreclassesis not good,sincethenthe
classeswhich areconfusedmostwith eachotherby theclassi�er canbe identi�ed in theconfusion
matrix.

Note that only the term accuracy is usedin the next sections,sinceit becomesclear from the
context whetherthe averageaccuracy for a whole datasetor the accuracy for a particularclassis
meant.Usually themeanvalueover theaccuraciesfor all recordingsessionsfrom a particulardata
collection is reported,however in somecasesalso accuraciesfor particularrecordingsessionsare
given.Also alsohereit canbeinferredfrom thecontext whichkind of accuracy is meant.

Averageaccuraciesfor classi�cationproblemscanonly be compared,whenthey wereobtained
for thesamenumberof classes,sincethe”chanceaccuracy” A(c) obtainedasaverageaccuracy by a
trivial classi�er whichalwayspredictsthesameclass,varieswith thenumberof classes:

A(c) =
1

jCj
(4.64)

Thereforeanaverageaccuracy of 60%would bestill anacceptableresultfor thediscrimination
of 10 classes(A(c) = 10% here)but only little above thechanceaccuracy of 50% for a binaryclas-
si�cation problem. A �gure which evaluatestheperformanceof a classi�er independentlyfrom the
numberof classesis thenormalizedexpectedloss,which relatestheaverageerror E = 1 � A to the
errorE(c) producedby thetrivial classi�er whichalwaysselectsthesameclass:

NEL =
E

E(c)
=

1 � A
1 � A(c)

(4.65)

The smallerthe value of NEL the betterthe performanceof a classi�er, no matterhow many
classesarediscriminated.Thereforethenormalizedexpectedlosscanalsobeusedto compareresults
from classi�cationproblemswith a di� erentnumberof classes.Note that for ”reasonable”values
of E, i.e. for 0 � E � E(c), the normalizedexpectedlossresidesin [0; 1] andit hasthe following
properties:

E = 0 , NEL = 0

E = E(c) , NEL = 1

This is not the casewhen the averageaccuracy A is relatedto the chanceaccuracy A(c). The
valueof A

A(c) is boundedby 1
A(c) for A = 1, i.e. it still dependson the numberof classeswhile the

normalizedexpectedlossis 0 whenA = 1, regardlessof thenumberof classes.For theabove reasons
thenormalizedexpectedlossis usedin the following to compareresultswhendi� erentnumbersof
userstatesareconsideredby aclassi�er.

Whenaccuraciesfor di� erentparametercon�gurationsof thesystemarecompared,it is important
to determinewhetherimprovementsaresigni�cant. Let AC1 andAC2 bevectorscontainingtheaccura-
ciesfor thetestsetsof di� erentrecordingsessionsobtainedwith two di� erentsystemcon�gurations
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C1 andC2. If themeanvalueover thecomponentsfrom thedi� erencevectorAC2 � AC1 is now signif-
icantly largerthanzero,thismeansthatcon�gurationC2 is signi�cantly betterthanC1. Signi�cances
arereportedherealwayson the5% level if nothingelseis mentionedexplicitely, i.e. theprobability
is lessthan5% that C2 is not betterthanC1 for arbitrary data,althoughonedecidesthe contrary
becauseof theresultof thesigni�cancetestwhich is basedon theaccuraciesfor thegiventestdata.
Signi�cancewastestedthroughoutthis work usingright-tailedt-tests,i.e. thealternative hypothesis
wasthat themeanover the componentsof AC2 � AC1 waslarger thanzero(which correspondsto a
null-hypothesisthatthemeanis smallerthanzero).

4.6.2 PerformanceMeasurementsfor RegressionProblems

As alreadyexplainedin section4.5 thedi� erenttaskdemandlevelsconsideredin this work areordi-
nally scaledandthey canbepredictedfrom EEGdataaswell with regressionandclassi�cationmeth-
ods. Also theperformanceof a systempredictingan ordinally scaledvariablesuchastaskdemand
levels canbe evaluatedwith methodswhich arecommonlyusedfor the evaluationof regressionor
classi�cationfunctions.Sincesuchmethodsfor classi�cationfunctionshave alreadybeendescribed
in theprevioussection,thissectionconcentratesonmethodsfor theevaluationof regressionfunctions
andtheir modi�cationsto make themsuitablefor thepredictionproblemsgivenhere.Furthermoreit
is describedhow classlabelsfrom thepredictionsof a regressionfunctioncanbederived.

A verysimplemethodto analyzetheperformanceof aregressionfunctionis thesquarederrorSE
betweenthetargetsy andthepredictionsof thefunction f (x) for a testsetTE = f(y; x)g. Thesquared
erroris usuallyde�ned as:

SE =

s
1

jTEj

X

(x;y)2TE

( f (x) � y)2 (4.66)

Sincetestsetsareunbalancedfor thereasonsexplainedabovealsoin caseof thetaskdemanddata,
i.e. theamountof testdatafor eachtaskdemandlevel is not equal,equation4.66hasto bemodi�ed
suchthat the contribution of eachtaskdemandlevel to the overall error is consideredequally. Let
thedi� erenttaskdemandlevelsbe now positive integers,i.e. they belongthe a setC = f1; : : : ; Kg.
Furthermorelet Ni be the numberof examplesavailablefor taskdemandlevel i. Thenthe squared
errorfor unbalanceddatasetsSEub canbede�ned asfollows:

SEub =

vut
1
K

KX

i=1

1
Ni

X

(x;y)2TE

� y;i( f (x) � y)2 (4.67)

This formulationhastheadvantagethat it accountsfor unbalanceddatasets,but it equalsto the
squarederrorfrom equation4.66for abalanceddataset.

Also the correlationcoe� cient r betweenpredictionsandtargetsis useful for the evaluationof
regressionfunctions.While alow squarederrorindicatesthattargetsmatchpredictionsverywell, this
is notnecessarilythecasefor acorrelationcoe� cientcloseto one.A high correlationcanalreadybe
obtainedif thedi� erencebetweentwo targetsis alwayssimilar to thedi� erencebetweenthecorre-
spondingpredictions,regardlessof theo� setbetweentargetsandpredictions.(Notethatnevertheless
a low valueof SE usuallyimpliesahigh valueof r but not viceversa.)A commonde�nition of r is:

r =

P
(x;y)2TE( f (x) � f (x))(y � y)

P
(x;y)2TE( f (x) � f (x))2 �

P
(x;y)2TE(y � y)

(4.68)
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where f (x) denotesthe meanover all predictedvaluesand y the meanover all targets. As in
caseof the squarederror, this basicformulationof the correlationcoe� cient doesnot accountfor
unbalanceddatasets.Thisproblemcanbesolvedby computingcorrelationcoe� cientsr (i) separately
for eachtaskdemandlevel i (by consideringonly thoseexamples(x; y) 2 TE for which y = i) and
thentakingtheaverageoverall r (i) for i = 1; : : : K. Thusthecorrelationcoe� cientrub for unbalanced
datasetsis de�ned as:

rub =
KX

i=1

r (i) (4.69)

Note that rub doesnot equal to r for a balanceddataset. However it can be shown that the
di� erencesbetweenbotharenot very largefor balanceddatasets,whenonly a smallnumberof task
demandlevels is consideredandthevariancesof theexamplesarenot too di� erentfor thedi� erent
taskdemandlevels.Bothassumptionsareoftenful�lled in practice.

Evenmoreinsightinto therelationbetweentargetsy andpredictionsf (x) canbegainedby com-
putinga linearregressionfunctionwhichusesthetargetsasdependentvariableandthepredictionsas
independentvariable:

y = b1 � f (x) + b0 (4.70)

Similarly to the correlationcoe� cient r, the the slopeof the regressionfunction b1, is closeto
one when the di� erencebetweentwo targets is always similar to the di� erencebetweenthe two
correspondingpredictions.Thecoe� cientb0 re�ects theo� setbetweentargetsandpredictions,i.e. it
indicateswhetherthepredictedvaluesaresystematicallysmalleror largerthanthetargets.

Alsoclassi�cationaccuraciescanbeobtainedfor thepredictionsof taskdemandusingaregression
function.For thatpurposeit is necessarythateachtaskdemandpredictionis assignedalabel,namely
thetargetvaluefor sometaskdemandlevel. As aboveweassumethatthedi� erenttaskdemandlevels
aretaken from a �nite setof integer numbersC = f1; : : : ; Kg. Thena function l(x) canbe de�ned
whichassignseachpredictionf (x) its closesttargetvalueaslabel:

l(x) = argmin
c2C

j f (x) � cj (4.71)

Theobtainedlabelscannow be interpretedaspredictedclasslabels,so thatall methodsfor the
evaluationof classi�cation functionsfrom section4.6.1canbe usedto evaluatethe systemperfor-
mance,even when a regressionmethodhasbeenusedfor the predictionof task demand. In the
following resultsfor taskdemandestimationarereportedmostlyin termsof classi�cationaccuracies
becauseof theconcisenessof this �gure. Only for moredetailedanalysesthemodi�ed performance
measuresfor regressionfunctionsfrom above areapplied.



Chapter 5

Data Collection

To beableto conducttheexperimentswhich arereportedin chapter6, EEGdatahadto becollected
�rst. In thischapterthetechnicalrecordingsetupandthescenariosfor thecollectionof userstateand
taskdemanddataaredescribed,andsome�gures illustratingtheamountof collecteddataaregiven.

5.1 RecordingSetup

MostEEGdatahasbeencollectedusingastandardEEG-cap(anElectroCapTM , [Electro-CapInterna-
tional, Inc., ], �gure 5.1)which is usuallyusedfor clinical EEGrecordings.This recordingdevice is
equippedwith 19 Ag=AgCl electrodesat thepositionsde�ned by theinternational10-20system(see
�gure 2.12).For ourdatacollection16electrodesatthepositionsFp1,Fp2,F3,F4,Fz,F7,F8,T3,T4,
T5, T6, P3,P4,Pz,O1 andO2 wereselectedfor recording.Theseelectrodescover all cortex regions
but themotorcortex (see�gure 2.23),sincewe assumethatmotoractivity is of little importancefor
theidenti�cation of userstatesor theassessmentof mentaltaskdemand.Weareawareof thepossible
relationbetweendi� erentuserstatesor levelsof taskdemandandchangesin facialexpressionwhich
shouldhave correlatesin the motor cortex. However, the correspondingmuscularactivity is partly
capturedby thefrontal EEGelectrodesandit remainsto beinvestigatedwhetherthis activity canbe
identi�ed in theEEGof themotorcortex aswell.

Fewer datawererecordedwith a headband,in which we sewed-infour Ag=AgCl electrodeswith
a tip sizeof a few millimetersover the forehead(positionsFp1, Fp2, F7, F8) (see�gure 5.2). A

Figure5.1: TheElectroCapTM EEG-capusedfor thedatacollectionconductedfor thiswork.
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Figure5.2: Headbandfor EEGrecording(left), electrodesattachedon theheadbandatpositionsFp1,
Fp2,F7 andF8(right).

disposableelectrodeat the backof the neckwasusedasgroundelectrode.The advantagesof the
headbandover the ElectroCapTM are that it is morecomfortableto wearandeasierto attach,two
majorfactorsfor everydaylife applications.Also, notelectrodegelgetsin contactwith thehair. Last
but not least,thepositionandnumberof electrodesin theheadbandcomparedto theElectroCapTM

provesto besu� cient for theidenti�cation of userstatesandtheestimationof taskdemandin many
cases(seesections6.1.8and6.2.9).Notehowever thateye-activity andartifactsintroducedby facial
musclesaremostpronouncedin theforeheadEEGwhich is recordedusingtheheadband.It remains
to beinvestigatedwhetherthis informationis helpfulor detrimentalfor thegiventasks.

Electrodesat thepositionsA1 andA2 werechosenasreferencesfor bothrecordingdevices.For
theheadbandrecordingsreferenceswereplaceddirectlyat themastoids,for theElectroCapTM record-
ingsat theearlobes.Thesignalsfrom bothelectrodeswereaveragedbeforeampli�cation (unipolar
recordingwith technicalreference,seesection2.2.1.2). This electrodemontagehastheadvantages
thatthesignalsfrom all electrodesaredirectly comparableto eachotherandthat,in contrastto bipo-
lar recordings,they representapproximationsof the actualcortical activity. Furthermoreelectrodes
at thesepositionsarenearlyindi� erenttowardsphysiologicalprocesses,i.e. they captureonly little
muscularartifacts,ECG andEEGfrom the temporalcortex. All referenceelectrodeswerereusable
Ag=AgCl electrodes.

For signalampli�cation anddigitizationa VarioPortTM ampli�er [Becker, 2003]which 16 EEG
channelswasused(�gure 5.3).Table5.1summarizesthetechnicalcharacteristicsof theampli�er.

Datacanbe transferredinstantaneouslyfrom theampli�er to a computervia an RS232port, so
thatonlineprocessingcanbe performed,if theamountof dataperunit of time doesnot exceedthe
serialport's maximalcapacityof 115200Bits persecond.This correspondsto 28 electrodechannels
which canbe recordedsimultaneously, whendatais recordedwith a samplingfrequency of 256Hz.
This samplingfrequency was usedfor all datacollectionsmadefor this work, althoughsampling
with a lower frequency shouldbesu� cient to avoid aliasingwhenconsideringtheampli�er' s upper
cuto� frequency of 60Hz(seetable5.1).For technicalreasonstheslopeof thebandpass�lter imple-
mentedin theampli�er is verysmallhowever, sothatwedecidedto choosethis ratherhigh sampling
frequency.

5.2 UserStateData

Datafor thefollowing userstateswasrecorded:
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Ampli�cation factor 2775
InputRange � 450� V
A/D conversion 12Bit (4096steps)
Resolution 0,22V / Bit
Frequency Range 0,9... 60Hz

Table5.1: Technicalcharacteristicsof theVarioportTM EEGampli�er usedfor datarecording.

Figure5.3: The VarioportTM EEG ampli�er. Left: the actualampli�er, right: the recorderwhich
controlstheampli�er, storesrecordeddataandestablishedtheconnectionto acomputer.

Resting(R): Subjectswereasked to relaxandnot to concentrateon a particularissue.Eyeshadto
stayopenandmostsubjectspreferredlookingoutof thewindow. Little to nobackgroundnoise
waspresentduringtherestingperiods,eachlastingabout70 seconds.

The requirementto keepeyesopenduring the restingperiodshouldmake surethat restingis
not simply identi�ed by verypronounced� -activity in theEEGwhichcanusuallybeobserved
only in a relaxedstatewheneyesareclosed.Insteada typical restingperiodduringa meeting
or a lectureshouldbesimulatedwhereeyesarenotnecessarilyclosed.

Listening to a talk (L): Subjectsweregiven a talk, mostlyabouta medicaltopic, which contained
a lot of factsto memorizeanddescriptionsof complex processes,so thatextensive useof the
workingmemoryandvisualimaginationwasrequiredto beableto follow thetalk. This is very
commonfor talkswherenoadditionalvisualinformationsupportingthespeechis available.To
makesurethatsubjectslistenedattentively to thetalk, they wereaskedto summarizeits content
afterwards.

Perceiving an audio-visualpresentation(P): A shortpresentationslidepresentationwasgivenabout
ascienti�c topicwith which therecordedsubjectwasnot familiar. Thusat leastmediumatten-
tion wasrequiredto beableto understandthepresentation.Imagesandgraphicalexplanations
of factswerelargely usedto make surethat therewereauditoryand visualstimuli in contrast
to userstatelistening.After thepresentationsubjectswereaskedto summarizeit with thehelp
of theslideswhichshouldguaranteetheirattentionduringthepresentation.

Readingan article (RE): An articlefrom a popularnews magazineof mediumlength(oneto three
pages)hadto be read. Subjectswereallowed to selectan article which appearedinteresting
to themout of a largecollection.This shouldmake surethat they rememberedthearticlewell
enoughto beableto summarizeit afterwards.

Summarizing the readarticle (RS): Directly afterreading,subjectshadto summarizethereadarti-
cle. To facilitatethis taskandto enablesubjectsto talk long enoughsothatenoughdatacould
becollected,they wereallowedto look from time to timeat thetext they hadreadbefore.
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Performing arithmetic operations(A): Arithmeticoperationshadto beperformedonasheetof pa-
per. Dependingon themathematicalbackgroundof thesubjects,di� erenttaskswereselected:
multiplications,divisions,summationsandsubtractionsof four digit numbers,matrix multipli-
cationsor thecomputationof simplederivativesandintegrals.

Not only the arithmetic task, but also the talk and the slide presentationwere adaptedto the
backgroundof the recordedsubject,so that in all casesa reasonableamountof mentalresources
shouldberequiredfor taskexecution.This is important,sincein casesof very low taskdemand,the
neuralcorrelatesof di� erentuserstatesmightbetooweak(seesection2.3.2).Mentaloverloadonthe
otherhandmight overwhelmtherecordedsubjectandthenleadto disengagementandthusagainto
weakEEGcorrelatesof thecurrentlyrecordeduserstate.

All userstateswere recordedconsecutively. After eachstateor block of states(readingand
summarizationof the readarticle are consideredas block) therewas a restingperiod. The order
of theotheruserstateswaschosenrandomlyin orderto avoid biasesin thedatadueto a �x edorder.

Whena classi�cationfunctionis trained,it is importantto avoid biasesdueto non-equalamount
of trainingdataperclass(seealsosection4.5.1.5).This caneitherbedoneby balancingthetraining
datasothat for eachclassapproximatelythesamenumberof samplesis availableor by introducing
weight factorsfor samplesof di� erentclasses(similar to prior probabilities). Sincethe latter was
di� cult to integratein theclassi�er implementationsusedfor this work, we decidedto balancethe
data,thusacceptingthatsomedatahadto bediscarded.

As explainedabove, the restingperiodslastedabout70 secondsonly, while for the otheruser
statesmuchmoredataper recordingsessionwasacquired.Thereforethedatafor userstateresting
wouldbethelimiting factorfor amountof dataperclassafterbalancing.Thisproblemwasovercome
at leastpartly by concatenatingfor eachsessionthedatafrom two restingperiodssothatat least140
secondsof datafrom userstaterestingwereavailable. Note that thedurationof the restingperiods
couldhave beenincreasedaswell, or morethantwo restingperiodscouldhave beenconcatenated.
Subjectsreportedhowever that is wasdi� cult to remainrelaxed for a longerperiodthenabout70
secondsduring the experiments,which excludesthe possibility of recordinglongerrestingperiods.
Concatenationof morethanonerestingperiodon theotherhandwould introducemorevariability in
the datafor userstaterestingonly, thusmakingthe systembehave systematicallydi� erentfor this
userstatecomparedto theothers1. For thesereasonswe chosethecompromiseto concatenateonly
two restingperiodsof 70 secondslength.

Datawascollectedfrom di� erentsubjectsat di� erentlocationsusingeither the ElectroCapTM

or theheadband.All subjectswereuniversitystudentswhich volunteeredfor theexperiments.Sub-
jectswerenot paid for their participation.In theremainderof this thesisthe following datasetsare
distinguishedfor theuserstatedata:

CMUSubjects: Six computersciencestudents(four males,two females)between23 and33 years
of agewererecordedat Carnegie Mellon University in Pittsburgh (USA). Noneof themwasa
native Englishspeaker, but they all hadvery goodknowledgeof the Englishlanguage.8767
secondsof datain total werecollected.In thefollowing identi�ers (U1), : : :, (U6) areusedto
referto therecordingsessionsfrom thesubjectsof thisdataset.

UKASubjects: Threeuniversitystudents(twomales,onefemale)with varyingacademicbackgrounds
between23 and26 yearsof agewererecordedat Universityof Karlsruhe(Germany). Oneof

1Preliminaryexperimentshave shown thatclassi®cationaccuracy increasesfor userstateresting,whendatafrom more
thanonerestingperiod(from thesamerecordingsession!)is containedin thetestandtrainingset.
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them was not a native Germanspeaker. 9232 secondsof dataare available from this data
collection. The UKASubjects recordingsessionsarereferredto using the identi�ers (U7a),
(U7b),(U8a),(U8b)and(U9), wheretheletters`a' and`b' areusedto distinguishtheparticular
recordingsessionswhenonesubjectwasrecordedtwice.

HeadBandSubjects: 3267secondsof EEGdatawith theheadbandwerecollectedat theUniversity
of Karlsruhefrom two femaleuniversitystudentswith 21 and23 yearsof age.Theidenti�ers
(U10)and(U11) referto thetwo HeadBandSubjectsrecordingsessionsin thefollowing.

Note that theamountof datain secondsgivenfor thedi� erentdatasetsincludesonly EEGdata
recordedfor oneof thesix userstatesdescribedabove, i.e. only datawhich canactuallybeusedfor
subsequentprocessing.During theexplanationof therecordingprocedureandduringthetime which
subjectsneededto preparefor thenext stateto berecordedno datawasacquired.

In totaldatafrom elevenrecordingswith theElectroCapTM andtwo recordingswith theheadband
areavailable.Table5.2shows for eachuserstatethemean,theminimumandthemaximumamount
of dataover all theserecordingsessions.In �gure 5.4 this information is displayedseparatelyfor
eachfor thethreedatasetsCMUSubjects, UKASubjects andHeadBandSubjects. Finally, in �gure
5.5 eachrecordingsessionis consideredseparatelyandmean,minimum andmaximumdurationin
secondsoverall recordeduserstatesis shown.

Two interestingobservationscanbemadefrom table5.2and�gures 5.4and5.5:

� The meanvaluefor the staterestingis lowestof all userstates(seetable5.2 and�gure 5.4),
which suggeststhat theamountof datafor this userstatelimits thesizeof theusabletraining
datapersubjectin many cases,sincetrainingsetsarebalanced.Indeedit canbeseenfrom �gure
5.5 that thedurationof theshortestuserstateis oftenaround140seconds(which corresponds
to theconcatenationof two restingperiodslastingabout70 seconds).Closerinspectionof the
datafrom thedi� erentrecordingsessionsrevealsthattheuserstatewith thisminimumduration
is mostly resting. Rememberthat theamountof availabledatafor this userstatewasalready
enlargedby concatenatingthedatafrom two restingperiods.For thereasonsexplainedabove
no moredataareavailablefor thatuserstatehowever.

� Furthermoreit is interestingto comparethe averagedurationsof a recordingsessionof the
threedatasets: For the CMUSubjects datathe averagedurationis 1461 secondswhich is
signi�catnly lessthantheaveragedurationfor theUKASubjects data(1846seconds)andthe
HeadBandSubjectsdata(1861seconds).Furthermoreit canbeseenin �gure 5.5thatthemean
amountof datafor oneuserstateis smallerfor theCMUSubjects recordingsessions(sessions
(U1), : : :, (U6)) comparedto the other recordingsessions(exceptsessions(U9) and(U10)).
Whenlookingat thesinglestates,asigni�cant di� erencein durationcanbefoundfor thestates
perceiving a presentation(P)andsummarizingthereadarticle(RS).

As explanationfor the di� erencefor userstate(P) might be, that for both datasetspresenta-
tions wereheld by a native Germanexperimenterwho talked Germanto the subjectswhich
wererecordedat Karlsruhe(UKASubjects andHeadBandSubjectsdatasets)andEnglishto
thesubjectswhich wererecordedat Pittsburgh (CMUSubjects dataset). Thusit is well pos-
sible, that the experimenterwasmorebrief in Englishthanin his native language(wherehe
naturallyknowsbetterto expresshimself),althoughfor theEnglishpresentationsexactly trans-
latedversionsof theGermanslideswereused.A reasonfor thedi� erencein durationfor user
state(RS)couldeitherbethatthearticlesreadby thesubjectsin Pittsburgh (from the”TIME”
magazine)weresimplyshorterthanthosereadby thesubjectsin 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 secondsover all recordingsessionsfor
eachuserstate.In thelastline mean,minimumandmaximumlengthof acompleterecordingsession
areshown.

Figure5.4: Meanamountfor datain secondsfor eachuserstateoverall recordingsessionsof thethree
datasetsCMUSubjects, UKASubjects andHeadBandSubjects. Theshortestandlongestduration
of eachstateis depictedby thewhiskers.

”Der Spiegel”). Ontheotherhandit is possiblethatbecauseof di� erencesin stylein bothmag-
azines,articlesin the”TIME” magazinecontainedlessfactsto reportaboutthanthearticlesof
”Der Spiegel”.

5.3 TaskDemandData

Mentaltaskdemanddatawascollectedwhile a15 to 20 minuteslongslidepresentationwith varying
di� culty levelswasgivento therecordedsubjects.During thepresentationthe laptopscreen(slides
andmousepointer)andthevoiceof theexperimentergiving thepresentationwererecordedonavideo
tape.Directly afterthepresentationtherecodedsubjectswereshown thevideoandaskedto evaluate
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Figure5.5: Meandurationof oneuserstatefor eachrecordingsession.Thedurationof theshortest
andlongeststatefor eachsessionis depictedby thewhiskers.

their taskdemandover time which they experiencedduringtheinitial perceptionof thepresentation.
Thefollowing taskdemandlevelscouldbechosen:

Low (L): It is possibleto follow the presentationwithout any problemsandwithout larger mental
e� ort. Everythingis understood,alsodetails.

Medium (M): Somementale� ort is requiredto beableto follow thepresentation.Still everything
is understood,possiblyexcepta few details.

High (H): Almost all available mentalresourcesare requiredto be able to keepup with the pre-
sentation.Detailsaremostly not understoodanymore,however the essenceof the presented
contentis still clear. Taskdemandlevel highshouldalsobechosen,if thetalk is notunderstood
anymore,but still all mentalresourcesaremobilizedto try to understandit at least.

Overlad (O): The presentationis not understoodanymore,the subjectbecameoverwhelmed,then
disengagedandmakesnoe� ort to gaintheplot again.

Thegoalfor thedesignof thepresentationswasthatall taskdemandlevelsareexperiencedequally
by therecordedsubjectsduringtheir perception.Sincebackgroundknowledgeof thesubjectsvaried
a lot, it wasattemptedto adapttopicsandtheway of their presentationindividually for eachsubject
to reachthatgoal.

Many subjectsreportedthat it wasvery di� cult to estimatetheown taskdemandwhich they ex-
periencedduring the initial perceptionof thepresentation.Often they haddi� cultiesto distinguish
betweentheir taskdemandduringthepresentationandduringits videoreplay, andthey weretemped
to simply evaluatetheir currenttaskdemandwhile watchingthevideo. Furthermorealmostall sub-
jectsreportedproblemsto �nd theexacttransitionbetweentaskdemandlevel high andoverload,i.e.
thestatewherethey still tried to understandthepresentationbut they couldnot andthestatewhere
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they becameoverwhelmedandthereforedid not pay attentionanymore. The questionhow reliable
thesubjects'self-estimatesof taskdemandare,is addressedat theendof thissection.

Two di� erenttaskdemanddatasetswererecordedat theUniversityof Karlsruhe:

ElectroCapSubjects: In total7690secondsof taskdemanddatawererecordedusingtheElectroCapTM .
Six university students(threemales,threefemales)with varying academicbackgroundsbe-
tween23 and26 yearsof agevolunteeredfor that datacollection. Two subjectswerenone-
native Germanspeakers. The recordingsessionsfrom the di� erentsubjectsof this datacol-
lection arereferredto in the following usingthe identi�ers (T1), : : :, (T6). Onesubjectwas
recordedtwice; the correspondingrecordingsessionsare thereforeidenti�ed with (T3a) and
(T3b).

HeadBandSubjects: 1918secondsof taskdemanddatain total werecollectedfrom onemaleuni-
versity student(28 yearsof age)and one femaleuniversity student(21 yearsof age)using
theheadband.Both volunteeredfor thedatacollection,onesubjectwasa non-native German
speaker. Theserecordingsessionsareassignedtheidenti�ers (T7) and(T8).

Table5.3showsmean,minimumandmaximumdurationfor thedi� erenttaskdemandlevelsover
all recordingsessions.In �gure 5.6 the durationof eachtaskdemandlevel, the meandurationof
onelevel andthe total durationof thewholepresentationis shown for eachrecordingsession.Note
that onetaskdemandlevel could occurseveral timesduring the presentation.The durationsof the
particulartaskdemandlevelsdisplayedin table5.3and�gure 5.6resultfrom theconcatenationof all
datasegmentscorrespondingto thesamelevel.

From the �rst columnof table5.3 onecanseethat the meandurationof 144 secondsfor task
demandlevel overloadis theshortestof all taskdemandlevels. It is in thesamerangeasthemean
durationof theuserstatefor which in averageleastdatais available,namelyrestingwith 145seconds
(seetable5.2). Theminimumdurationsof thedi� erenttaskdemandlevels (secondcolumnof table
5.3) arehowever muchshorterthanthoseof the di� erentuserstates(seetable5.2). This indicates
that in generala balancedtrainingsetfor taskdemandpredictioncontainslessdatathana balanced
training set for userstateidenti�cation. In �gure 5.6 onecan seethat indeedfor many recording
sessionsmuchlessthan145secondsof dataareavailablefor at leastonetaskdemandlevel. This is
not thecasefor theuserstatedata,wherefor onestateat least124 secondsandin mostcaseseven
morewererecorded,see�gure 5.5.

Notealsothelarge�uctuationsof theavailabledatapertaskdemandlevel for thedi� erentrecord-
ing sessionswhich canbe seenin �gure 5.6. The goal for the designof the presentationsto make
subjectsexperienceeachtaskdemandlevel equallycouldnot be reached.This shows, that it is ex-
tremelydi� cult to anticipatethee� ectsof a presentationon a listener, evenif his or herbackground
knowledgeis well known. Preciselythis �nding canserve asa hint, that EEG basedtaskdemand
assessmentcanbevery usefulduringa presentationin orderto stayinformedaboutchangesin task
demandof theaudienceor to beableto analyzethee� ectof theown talk later.

It wasmentionedabove that mostsubjectsfound it very di� cult to estimatetheir taskdemand
during the initial perceptionof thepresentationgiven thevideoreplay. Thereforewe wantedto �nd
outhow reliabletheirestimatesare.Thiswasdoneby askingthefour subjectsrecordedin thesessions
(T2), (T3b), (T4) and (T6) to repeatthe evaluationof their taskdemandusing the video a second
time. Thesesecondevaluationstook placetwo to eightweeksaftertheinitial recordingsession.The
reasonwhy theperiodbetweenbothevaluationswaschosento besu� ciently long wasto avoid that
subjectssimply rememberedandreproducedtheir decisionsmadeduringthe�rst evaluation.Instead
subjectswere asked to estimatethe task demandthey experiencedwhile watchingthe video, i.e.
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Taskdemandlevel 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 secondsover all recordingsessionsfor
thedi� erenttaskdemandlevels.

Figure5.6: Amountof datain secondsfor eachtaskdemandlevel andeachrecordingsession.Mean
andtotalamountof datafor theparticularrecordingsessionsareshown below thediagram.

while perceiving the original presentationa secondtime. Assumingthat the subjects'background
knowledgedid not changemuchbetweenbothevaluationsandthat the learninge� ectafter the �rst
perceptionof thepresentationwassmallenoughto beneglected,theestimatesfrom bothevaluations
shouldbecomparable.(Accordingto thesubjects,bothassumptionswereful�lled in all cases.)

Figure5.7shows theresultsof bothevaluationsfor all four subjects.Onecanseethatfor session
(T3b) the overlapof time segmentsbelongingto the sametaskdemandlevel in both evaluationsis
relatively high,while thereis muchlessoverlapfor sessions(T2), (T4) and(T6).

From eachof both evaluationsanotherpartitioningof the data,i.e. anotherassignmentof task
demandlevels to datasegments,canbe derived. Furthermorea third partitioningcanbe obtained
whenconsideringonly thosedatasegments,whichhavebeenassignedthesametaskdemandlevelsin
bothevaluations.In thefollowing theidenti�ers Eval1, Eval2 areusedto referto thepartitioningsof
thedataaccordingto the�rst or secondtaskdemandevaluationandEvalCombined is usedto refer
to thecombinationof both.
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Figure5.7: Comparisonof the�rst evaluation(solid line) andthesecondevaluation(dashedline) of
thetaskdemandexperiencedduringthepresentationfor recordingsessions(T2), (T3b),(T4) and(T6)

Table5.4comparestheamountof datapertaskdemandlevel which is availablefor thedi� erent
partitionings.Thepercentagesgivenfor eachtaskdemandlevel of partitioningEvalCombined rep-
resenttheoverlapof time segmentsbelongingto this taskdemandlevel in both evaluationsrelative
to the maximumamountof dataavailablefor this taskdemandlevel in oneof both. They con�rm
the�ndings from �gure 5.7 thattheoverlapbetweenbothevaluationsis largestfor recordingsession
(3b) comparedto sessions(T2), (T4) and(T6). Closerinspectionof thetableshows thatat leastfor
taskdemandlevel low theoverlapis larger than62%for sessions(T2), (T3b) and(T6) andfor task
demandlevel overloadanoverlapof at least71%for sessions(T3b)and(T4) wasreached.

Note furthermorethat thereasonfor little overlapis in somecasesthatalmostall datasegments
belongingto onetaskdemandlevel in oneevaluationbelongto the sametaskdemandlevel in the
other evaluationbut not vice versa. An examplefor that is task demandlevel high of recording
session(T2) wherealmostall datasegmentsbelongingto thattaskdemandlevel in the�rst evaluation
belongto taskdemandlevel high aswell in the secondevaluation. Onethe otherhandmuchmore
datasegmentswereclassi�ed to belongto high task demandin the secondevaluationthan in the
�rst evaluation(see�gure 5.7). (In sucha situationit canbe seenin table5.4 that the amountof
datafor partitioningEvalCombined is not muchsmallerthetheminimumamountof dataavailable
for partitioningEval1 or Eval2.) This �nding suggeststhat ”core segments”belongingto onetask
demandlevel werereliably identi�ed at leastin oneevaluation,i.e. in thatevaluationwhereonly the
samedatasegmentswerechosento belongto aparticulartaskdemandlevel asin theotherevaluation.
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Eval1 Eval2 EvalCombined
Session (L) (M) (H) (O) (L) (M) (H) (O) (L) (M) (H) (O)

(T2) 657 600 174 0 572 419 429 0 484
(74%)

246
(41%)

156
(36%)

0

(T3b) 345 596 210 142 291 583 278 131 290
(84%)

524
(88%)

206
(74%)

131
(92%)

(T4) 213 51 318 558 70 169 185 707 67
(31%)

25
(15%)

115
(36%)

504
(71%)

(T6) 328 286 186 217 257 267 394 137 206
(62%)

96
(34%)

148
(38%)

95
(42%)

Table5.4: Comparisonof theamountof datain secondsavailablefor eachtaskdemandlevel for data
partitioningsEval1, Eval2 andEvalCombinedfor recordingsessions(T2), (T3b),(T4) and(T6). The
percentagesgivenfor thelastcolumnsrelatetheamountof datapertaskdemandlevel for partitioning
EvalCombined to the maximumamountof dataobtainedfrom oneof the partitioningsEval1 and
Eval2.

(In theabove examplethis is the�rst evaluation.)
An interestingquestionrelatedto theoverlappingsegmentsof thesametaskdemandlevel which

arecontainedin thepartitioningEvalCombined in general,is whetherpredictionscanbe improved
whenthey areusedfor trainingandtestingonly. Theunderlyinghypothesishereis thattaskdemand
estimatesaremorereliablefor thesesegments,sincethey wereassignedthesametaskdemandlevel
in bothevaluations.This hypothesisis furtherinvestigatedin section6.2.8.

The generallypoor overlap indicates,how di� cult it is to subjectively evaluatethe own task
demandduringtheperceptionof apresentation.Thisagreesaswell with thecommentsof therecorded
subjects.Thereforeit wouldnotbetoosurprising,if trainingandtestdatawereverynoisyandfeature
vectorsbelongingto di� erenttaskdemandlevelswereverysimilar, sothatthepredictionof thecorrect
taskdemandlevel becomesextremelydi� cult.



Chapter 6

Experimentsand Results

A lot of experimentshave beenconductedon thecollecteduserstateandtaskdemanddata,in order
to analyzetheimpactof thedi� erentprocessingstepsonthewholesystemfor userstateidenti�cation
and task demandestimationand to optimize the overall systemperformanceby con�guring each
processingstepappropriately. The resultsof theseexperimentsare reportedanddiscussedin this
chapterusingtheperformancemeasuresintroducedin chapter4.6.

6.1 UserStateIdenti®cation

6.1.1 Experimental Setups

Severalexperimentalsetupsaredistinguishedfor theuserstatedatain thefollowing:

UD User and sessiondependentexperiments: Data portionsof the samerecordingsessionwere
usedfor training (80% of the whole session),testingandvalidation(each10% of the whole
session).All sessionsfrom the CMUSubjectsdatacollection(recordingsessions(U1)-(U6))
wereusedfor this type of experiments. Training setscomprisehere668 secondsof datain
average,validationsets84 secondsandthe testsets146 seconds.If not indicateddi� erently,
resultsreportedfor this setuparealwaysaveragesover theaccuraciesobtainedfor thetestsets
(or validationsets)of all recordingsessionsof thissetup.

HB Thesametypeof experimentsasfor setupUD wereconductedon theHeadBandSubjectsdata
(recordingsessions(U10) and (U11)). The averagetraining set length is here681 seconds,
the validationset length 84 secondsand the test set length 163 seconds.Also hereusually
averagesover thetestset(or validationset)resultsfrom bothrecordingsessionsarereportedin
thefollowing.

UI User independentexperiments:For the CMUSubjects datacollection the systemwas trained
on datafrom � ve recordingsessions(in average3338secondsof trainingdata)andtestedon
datafrom theremainingsessionin a round-robinmanner. For comparabilityof the resultsthe
sametestsetsasfor setupUD wereusedandresultsarereportedasaveragesoverall recording
sessionsas above. For validation1082secondsof datafrom the sessions(U7a), (U8a) and
(U9) from theUKASubjects datacollectionwereavailable.If resultsfor aparticularrecording
sessionaregivenfor thissetupin thefollowing, thesessionnumberrefersalwaysto thatsession
from which thetestdatais taken.
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SI Userdependentbut sessionindependentexperiments:For the subjectsfrom the UKASubjects
datasetwhich were recordedtwice (recordingsessions(U7a), (U7b), (U8a) and (U8b)) the
systemwastrainedusing80%of thethedataof onesession(in average672seconds)andtested
on the 10% of the datarecordedfrom the samesubjectin the othersession(in average198
seconds).Thustherearealwaysresultsfrom 4 testsetsavailablefor averagingin thefollowing.
Note that for this setupno goodvalidationdataexists. For the early stoppingregularization
methodfor ANNs 10% of datafrom the training sessionswereusedwhich bearsthe risk of
over�tting howeveranddoesnot re�ect thepropertiesof a realsessionindependentexperimen-
tal setup. For thesereasonsandsincethe datafrom the testsessionmustnot be touchedfor
validation(this comestoo closeto parametertuning on the testset),no crossvalidationwas
appliedto determinesystemparametersfor setupSI. Insteadparametervalueswere chosen
whicharesomewherein-betweentheparametersestimatedfor setupsUD andUI following the
intuition thatpropertiesof setupSI arein-betweenthoseof theothertwo setups.

Note that the lengthof the di� erentdatasetsin secondscorrespondsto the numberof feature
vectorsperdataset,sincefeaturesareextractedfrom two secondslong time windows which overlap
onesecondasexplainedin section4.2.Notefurthermorethatthefractionof datafor traininghasbeen
balancedafterits extraction.Thatappliesto thevalidationset,too,however not for thetestsetwhich
doesnot have to be balancedfor the reasonsexplainedin section4.6. This alsoexplainswhy the
availableamountof datais di� erentfor validationandtesting,evenwhenoriginally thesamefraction
of datawasextractedfor both.

As describedabovefor setupsUD andUI exactlythesametestsetswereused,whichallowsdirect
comparisonof theresults.In contrastto thatthetestsetsfor setupsSI andHB arebothbasedon data
from otherrecordingsessions.Thishasto betakeninto accountwhencomparingtheresultsobtained
for thesesetupswith others. For this reasonaccuraciesobtainedfor setupsUD andUI areclearly
separatedfrom thoseobtainedfor setupSI or setupHB in thefollowing sections.

6.1.2 ANN topologyselection

BeforeANN-basedclassi�erscanbe trainedandusedto make predictions,their topology, i.e. the
numberof hiddenlayersand the numberof neuronsper hiddenlayer, mustbe determined.If the
topologycannotbeinferredfrom apriori knowledge,this is usuallydoneusingcross-validation.The
above describedvalidationsetshowever arealreadyrequiredfor early stoppingregularization(see
section4.5.1.5). Thereforetraining, validationandtestdatafrom recordingsessions(U7a), (U8a)
and (U9) (the ”validationsessions”of setupUI) was taken to determinethe network topology for
setupUD. For setupUI additionaldatafrom the samesessionswhich is however not containedin
the original validationsetswas usedfor topologyselection. (The original training setswerekept
here.)No topologyselectionwasperformedfor setupSI, becauseno appropriatevalidationdatawas
availablefor this setupasexplainedabove. SinceANNs with onehiddenlayeraresuitablefor most
classi�cationproblemsin practice,cross-validationwasusedhereonly to determinethe numberof
hiddenunitsfor a network with asinglehiddenlayer.

Figure6.1 shows the accuraciesobtainedfor the topologyselectiondatasetsof setupUD and
setupUI for di� erentnumbersof hiddenunits. Onecanseethat for both setupsthe �uctuations of
accuraciesareverysmall. In particularthey aresmallerthanthestandarddeviations(depictedby the
whiskers)over � ve repetitionsof thesameexperiments.Note that thesestandarddeviationsarestill
high (in particularfor setupUI), althoughfor eachof the� veexperiments� venetworksweretrained
with thesamedataanda majority decisionover thepredictionsof all networks wasmadeto obtain
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Figure6.1: Accuraciesfor di� erentnumbersof hiddenneuronsobtainedon the topologyselection
dataof setupsUD andUI. Thewhiskersshow thestandarddeviationsover� verepetitionsof thesame
experiment.

a �nal prediction.We concludethattheproblemof userstateidenti�cation is insensitive towardsthe
numberof neuronsin the hiddenlayer, at leastfor the rangebetween14 and26 neuronsexamined
here.Therefore20 neuronsin thehiddenlayerwereusedfor theremainingexperimentswith ANNs
on theuserstatedata.

The insensitivity towardsthe numberof neuronsin the hiddenlayer might be an indicator that
thereis a comparatively simpleseparationbetweenthegivenclassesin featurespace,perhapsevena
linearseparation.Muchmoreexperimentsconcerningthenetwork topologywouldhave to bedoneto
gaindeeperknowledgeaboutthestructureof thefeaturespace,which is however tootimeconsuming
to be within the scopeof this thesis. The hypothesisthat thereexists a linear separationbetween
classesin featurespaceis revisitedin thenext sectionhowever wheretheANN resultsarecompared
with resultsobtainedusinglinearSVMs.

6.1.3 Classi�er comparison

In thissectiontheperformanceof ANNs andSVMs is comparedfor thebaselinecon�gurationof the
proposedsystem.This con�gurationhasthefollowing characteristics:

� no artifactremoval

� no averagingoverpreviousfeatures

� normalizationwith methodGlobalNorm

� no featurereduction

� LinearSVMsor ANNs with 20neuronsin onehiddenlayerandwith tanhasactivationfunction
for all unitsareusedfor classi�cation.Toreducethe�uctuationsof theANN results,predictions
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arealwaysmajority decisionsover � ve networks. FurthermoreANN experimentsarealways
repeated� ve times. Thereforemeanvaluesand standarddeviations over all repetitionsare
reportedin thefollowing.

Table6.1 shows the resultsachieved by both classi�ers for the baselinesystemfor setupsUD
UI andSI. Onecanseethat ANNs performbetterthanSVMs for setupsUD andSI. A signi�cant
di� erencein resultscanonly befoundfor setupUD however. (For ANN experimentsonly themean
valuesover the� verepeatedexperimentsareconsideredfor thesigni�cancetest.)For setupUI SVMs
performslightly but not signi�cantly betterthanANNs. Two conclusionscanbedrawn from this:

1. It seemsthatthegivenclassescanalmost(but notperfectly)belinearlyseparated,sinceresults
achievedwith thelinearSVM classi�erarenottoomuch,but signi�cantly, below thoseachieved
with non-linearANNs for setupUD. Onecanassumethatparticularlyfor thissetuptheobtained
resultsre�ect the propertiesof the real separationbetweenthe di� erentclassesbest. For the
othersetupsresultsarelargely in�uencedby thevariability in thetrainingdataandbetweenthe
trainingandtestdata.

2. On the otherhandSVMs seemto be ableto copebetterwith exactly this variability which is
strongestfor setupsSI andUI. HereANNs arenot (signi�cantly) betteranymorethanSVMs,
possiblybecauseSVMshave bettergeneralizationproperties.

Finally thestandarddeviationsover repeatedexperimentswith ANNs mustbeconsideredwhich
arelargerfor thesetupsSI andUI thanfor setupUD. A reasonfor thiscouldbethelargervariability
betweentraining,validationandtestdatafor the�rst two setups.Becauseof thisvariability it is more
likely, that the network con�guration found during training correspondsto a positionin the testset
error function which is far away from a (local) minimum. Thereforesmall di� erencesin the found
weightcon�gurationwhentrainingis repeatedseveral timesmayleadto largedi� erencesin thetest
seterror.

Fluctuationsin resultsfor repetitionsof thesameexperimentmakeit di� cult to comparethee� ect
of di� erentparametercon�gurationson theoverall systemperformance.Furthermoreit canbecome
problematicfor practicalapplicationsthatANNs with earlystoppingregularizationapproximatethe
actualerror for unseendatausingthetrainingandvalidationsetonly. It mayhappenthatby coinci-
dencetheclassi�cationperformancefor newly recordeddatais bad,justbecausethisdatadoesnot �t
to theerrorapproximationwhich is biasedtowardsthevalidationandtrainingset.Therisk for thatto
happenis particularlyhighwhenonly little (or little representative) validationdatais available,which
is unfortunatelyoftenthecasefor ourexperimentalsetups.

For thesereasonswe decidedto useexclusively SVMs in the following experiments.It mustbe
kept in mind however, that in somecases,e.g. in a situationsimilar to setupUD whereANN results
�uctuate little, they achieve possiblybetterresultsthan linear SVMs. In practicesuchcaseswill
be rarehowever. Furthermoreit mustbe notedthatonly linear SVMs wereusedin all experiments
in this work andnon-linearSVMs would possiblyoutperformnon-linearANNs in all cases,since
they arealsoableto copewith non-linearseparationsbetweendi� erentclassesand they have better
generalizationpropertiesthanANNs ashypothesizedabove.

sincethey would addressbettertheslightly non-linearseparationof thedi� erentuserstates.The
useof non-linearSVMs requireshowever extensive parametertuningwhich is very time consuming
andbeyondthescopeof thiswork.

Figure6.2 shows the accuraciesfor the particularuserstatesfor the setupsUD, UI andSI. As
expected,resultsobtainedfor setupUD aregenerallybetterthan thoseobtainedfor the other two
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ANN SVM

UD 92.3%(� 2:9%) 89.7%
UI 37.6%(� 5:7%) 38.2%
SI 58.6%(� 6:6%) 56.8%

Table6.1: Accuraciesfor di� erentclassi�ersandexperimentalsetups.Thepercentagesin bracesin
the �rst columnshow thestandarddeviationsover � ve repetitions(trainingandtesting)of thesame
ANN experiment.Thedisplayedaccuraciesfor ANN experimentsrepresentthemeansovertheresults
from these� verepetitions.

Figure6.2: Resultsfor di� erentuserstatesfor thedi� erentexperimentalsetups.Thestandarddevia-
tion over therecordingsessionswhichbelongto onesetupis depictedby thewhiskers.

setups.Notehowever thatfor userstatesresting(R), reading(RE) andthesummarizationof theread
article (RS) accuraciesfor setupsSI andUD areapproximatelyin thesamerange.This shows that
thereseemto besomeuserstateswhich aredistinguishedmorerobustly thanothers,whenelectrode
positionsandmental�tness of the recordedsubjectvary, which is inevitable acrosssessions.It is
possiblethatnot only EEGbut alsoeye movementsandtheactivity of thefacialmusclesplay a role
for thediscriminationof thesestates.Thishypothesisandotherphysiologicalreasonsfor this �nding
remainto beinvestigated.

Note furthermorethe large standarddeviationsover all recordingsessionsfor the single tasks,
which areevenlargerwhenthemeanaccuracy over all recordingsessionsis low. Figure6.3 givesa
possibleexplanationfor that: It canbeseen(in particularfor setupsUI andSI wheremeanaccuracies
arelow) that for eachtestsettherearedi� erentstatesfor which thesystemperformanceis goodor
bad.In otherwords,nocommonsubsetsof userstatesfor all recordingsessionscanbeidenti�ed, for
whichexclusively highor low accuraciesareachieved.

Finally it is interestingto analyzethe confusionmatricesobtainedin the experimentsfor the
di� erentrecordingsetups(seetable6.2) to gainsomemoreinsight in thebehavior of theclassi�er.
Notethatthematricesfor unbalancedtestsetsaredisplayedhere,which playshowever a minor role
for thefollowing analysis.(Theoverall performanceof thebaselinesystemis analyzedalreadyabove
in termsof averageaccuracieswhichaddresstheproblemof anunequalamountof dataperclass,see
section4.6.1.)
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SetupUD

SetupUI

SetupSI

Figure6.3: Resultsfor eachuserstateandeachrecordingsessionfor thedi� erentexperimentalsetups.
For eachstate,thebarsrepresentfrom left to right the resultsfor recordingsessions(U1)-(U6) (for
setupsUD andUI) or recordingsessions(U7a),(U8a),(U7b)and(U8b) (for setupSI) respectively.
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While for setupUD the largestentriesof the confusionmatrix arefound on the main diagonal,
this is not anymorethe casefor setupsUI andSI wheremoderatelyhigh valuesarespreadall over
the matrices.This is not surprisingwhenthe accuraciesachieved for the di� erentsetups(seetable
6.1)aretakeninto account.Userstateswhichareconfusedparticularlyoftenfor setupsUI andSI are
analyzednow.

For bothsetupsthestateslistening(L) andperceiving a presentation(P) areoftenconfusedwith
resting(R). A reasonfor thatcouldbenatural�uctuations in alertnessduring thestates(L) and(P),
i.e. subjectscannot stayconstantlyalert for severalminuteswhile listeningto a talk or perceiving a
presentation.Furthermorethebasicalertnesslevel duringstate(R) variesacrosssubjectsandsessions.
Thereforeit becomeslikely thatashortlapsein alertnessduringstates(L) or (P) is classi�edasresting
(R) for setupsUI or SI, sincefor oneor moretraining sessionsrecordedfrom subjectswith a high
basicalertnesslevel, asimilaractivity patterncouldhave beenobservedduringstate(R).

Next, it canbeseenthatstate(L) is oftenconfusedwith state(P) for setupsUI andSI andstate
(P) is oftenconfusedwith state(L) for setupSI andwith state(A) for setupUI . This canpossiblybe
explainedwith the fact that similar cortex regionsareactivatedfor states(L), (P) and(A) (seealso
section2.3.1):All threestatesrequiretheunderstandingof symbols(letters,numbers)which involves
the parietalcortex. Furthermorestates(P) and (L) requirethe processingof speechand language
which takes placesin the temporalcortex. Thereforepossiblyonly small di� erencesin the EEG
betweentheparticularstatesexist, which arestill su� cient for their discriminationin caseof setup
UD, but notanymorein caseof theothertwo setupsdueto thevariability acrosssessionsandsubjects.

Finally thearithmeticsstate(A) is oftenconfusedwith reading(RE)for setupSI andthestate(RE)
is oftenconfusedwith states(P) and(A) for setupUI . Thesameexplanationasgiven beforemight
hold hereaswell, sincein all casesthe parietalcortex for theunderstandingof symbolsis strongly
involved.

6.1.4 Averaging

The �rst attemptto improve the performanceof the baselinesystemwas to apply averagingover
the previous k featurevectors(seesection4.2.2). The optimal valueof k wasobtainedusingcross
validation. We considera valueof k to beoptimalhere,whenimprovementsachieved by increasing
it even moreremainsmall comparedto the improvementsobtainedbefore. The accuracieson the
validationsetsfor di� erentvaluesof k areshown in �gure 6.4 for setupsUD andUI.

While for setupUD thereareno considerableimprovementsfor k > 2 anymore,theaccuracy for
setupUI improvesup to k = 4. Thereforethe following experimentswerecontinuedwith valuesof
kopt = 2 for setupUD, with kopt = 4 for setupUI andwith kopt = 3 for setupSI. Thevalueof kopt for
setupSI waschosen,following thereasoningfrom section6.1.1thatpropertiesof this experimental
setuplie somewhere in-betweenthosefor the other two setups. Table 6.3 comparesthe baseline
results(k = 1) with thosewhichareobtainedwhenaveragingover thekopt previousfeaturevectorsis
performedfor thetestdataof thedi� erentexperimentalsetups.In all casessigni�cant improvements
for k = kopt areachievedcomparedto thebaselinesystem.

It is interestingthatdi� erentvaluesof kopt arefound for thedi� erentsetups.This canpossibly
againbeexplainedwith thedi� erentdegreeof noiseandvariability containedin thedataof thedi� er-
entsetups.Whenusingslackvariables,anSVM is ableto copewith a certainamountof variability
andnoisein the data. While for setupUD the SVMs have to copeonly with the naturaltemporal
�uctuationsof theEEGsignal,for setupUI additionalvariability is introducedby theindividual dif-
ferencesin theEEGdataof thesubjectsin the trainingset. Thereforethe in�uence of the temporal
signal�uctuationshasto bereducedmorefor this setupwhich is doneby choosinga largervalueof
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SetupUD
Prediction

(R) (L) (P) (RE) (RS) (A)

(R 72 4 0 1 1 0
(L) 9 124 8 1 4 0

Target (P) 5 5 151 1 2 4
(RE) 12 1 21 181 3 3
(RS) 0 1 0 5 79 2
(A) 0 0 1 0 1 120

SetupUI
Prediction

(R) (L) (P) (RE) (RS) (A)

(R) 37 9 14 10 4 4
(L) 49 34 33 14 10 6

Target (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

SetupSI
Prediction

(R) (L) (P) (RE) (RS) (A)

(R) 45 7 0 0 0 0
(L) 44 24 17 8 7 7

Target (P) 53 55 42 14 4 1
(RE) 1 22 0 141 2 31
(RS) 0 3 1 8 86 0
(A) 1 1 1 71 2 56

Table6.2: Confusionmatricesfor thedi� erentrecordingsetups.Thedisplayedmatricesrepresentthe
sumover theconfusionmatricesof all testsetsof onerecordingsetup.

k, i.e. by consideringa largercontext. Thustheclassi�er is ableto addressothertypesof variability.
Whentheconsideredcontext is too largehowever, achangeof userstatemightbedetectedwith delay
only, sinceat thetime wherethenew userstatebeginstoomany samplesof theold userstatearestill
takeninto account.

6.1.5 Normalization

Up two this point, all reportedresultswereobtainedusingthebaselinenormalizationmethodGlob-
alNorm which performsmeansubtractionandvariancenormalizationglobally for the whole data,
usingmeanandvarianceestimatesfrom thecompletetrainingset. As we have seenin theprevious
sections,thevariability betweensubjectsor sessionsfor setupsUI andSI seemsto bedetrimentalto
theclassi�cationresults.Onepossibilityto addressthatproblemwhich is investigatedin thissection,
is to usenormalizationmethodUserNorm, wheremeansubtractionandvariancenormalizationis
performedseparatelyfor eachrecordingsessioncontainedin thetraining,validationor testset.Fur-
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Figure6.4: Validationsetaccuraciesfor averagingover k featurevectorsfor di� erentnumbersof k.
Theresultsfor setupUD aredepictedby thesolid line, theresultsfor setupUI by thedottedline.

k = 1 k = kopt

UD (kopt = 2) 89.7% 93.4%
UI (kopt = 4) 38.2% 46.7%
SI (kopt = 3) 56.8% 61.8%

Table6.3: Comparisonof testset resultsfor averagingover k = 1 (baselinesystem)andk = kopt

previousfeatures.Thevalueof kopt for eachsetupis givenin braces.

thermorethehypothesisthatrelationsbetweendi� erentfrequency bandsmustbepreservedfor good
classi�cationperformance,is examinedhereby usingnormalizationmethodRelPower. (Seesection
4.2.3for amoredetaileddescriptionof thedi� erentnormalizationmethods.)

Table6.4shows theresultswhichwereobtainedusingthedi� erentnormalizationmethods.(Note
thatthe�rst columnof table6.4correspondsto thelastcolumnof table6.3sincetheoptimalvalueof
k wasusedfor all experimentshere.) NormalizationmethodUserNorm seemsto be ableto reduce
variability for setupUI , wheresigni�cant improvementsin resultscanbeachieved comparedto the
baselinemethodGlobalNorm. Also for setupSI improvementsareobservedcomparedto thebaseline
whenusingmethodUserNorm whicharehowever smallandnotsigni�cant. Closerinspectionof the
resultsfor the singlerecordingsessionsof setupSI reveals,that only for session(U8a) accuracies
increasestrongly, while they decreaseslightly for all others. The small decreasein resultsfor the
applicationof normalizationmethodUserNorm comparedto methodGlobalNorm for setupUD is
notsigni�cant aswell.

NormalizationmethodRelPower leads�nally to a signi�cant decreasein resultsfor all experi-
mentalsetups.Thatshows thatpossiblytheinformationaboutthetotal power of eachfeaturevector,
which is eliminatedusingthis normalizationmethod,is moreimportantfor classi�cationthanthere-
lationsbetweenthefeaturevaluesof di� erentfrequency bandswhicharepreservedcorrectlyonly by
thismethod.

6.1.6 Artifact Removal

ICA for the removal of eye activity artifactsdid not work well for our systemwhich is unexpected,
sinceit hasbeenappliedsuccessfullyfor this purposein other research(seesection4.1 for refer-
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GlobalNorm UserNorm RelPower

UD 93.4% 93.1% 42.2%
UI 46.7% 58.9% 34.1%
SI 61.8% 62.7% 25.9%

Table6.4: Accuraciesfor di� erentnormalizationmethodsfor thedi� erentexperimentalsetups.

ences).Only for experimentalsetupsUD andSI eye activity couldbe isolatedto onecomponentin
thetrainingdata(asshown in �gure 4.2 in section4.1.2),while for setupUI it is usuallyspreadover
multiplecomponents.Thereforetheproposedprocedurefor eyeactivity removal from thedata(visual
inspectionof theICs in thetrainingdataanrejectionof onecomponentcontainingeyeactivity) is not
applicablefor thatsetup.Also therejectionof morethanonecomponentis no alternative here,since
it would remove to muchactualEEGactivity from thedata.

Themostlikely reasonthateyeactivity cannotbeisolatedproperlyfor setupUI , is thatthetrain-
ing datafor this setupdoesnot meetonenecessaryconditionfor the applicationof ICA: Although
only n electrodechannelsareavailable,thedatais likely to begeneratedby muchmorethann pro-
cesses.SinceonecannotassumeastatisticaldependencebetweentheEEGof the� vesubjectsin the
trainingset,thenumberof processescontributing to theprobabilitydensityfunctions(pdfs)relatedto
theconcatenatedmeasurementsof thedi� erentelectrodechannelsis approximately5n in theworst
case.Thusit is impossibleto estimaten ICs(i.e. theircorrespondingpdfs)suchthatonly oneprocess
contributesto eachIC (i.e. to eachpdf), andit is not very likely (althoughnot impossible)thatonly
thoseprocessesaresummarizedin oneICsby a standardICA algorithmwhichcorrespondto theeye
activity of thedi� erentsubjects.In otherwords,anunmixingmatrix which is suitablefor thedataof
onesubject,would not �t at all for thedataof anothersubject,so that theprocedurefor ICA weight
estimation,which takesthedatafrom all subjectsinto account,cannot �nd suitableweightsatall.

For the other two setupsthe identi�cation of the componentcontainingthe eye activity in the
trainingdataandits rejectionfrom thetestandtrainingdatayieldsthetestsetresultsshown in table
6.5. While for setupUD the averageaccuracy increasesslightly but not signi�cantly, the accuracy
for setupSI evendecreases.A possiblereasonfor thesepoorresultscanbeseenin �gure 6.5where
the unmixing matrix which hadbeenestimatedon the training dataof session(U1) wasappliedto
determinethe ICs of the validationdatafrom the samerecordingsession:The eye activity is now
not anymoreisolatedto onecomponent,but spreadover two components.FurthermoreactualEEG
activity seemsto bepresentaswell in bothICscontainingeyeactivity (morestronglyin the�rst than
in thesecondone).Thusit becomesclearthattheremoval of oneor bothICs containingeye activity
doesnotnecessarilyimprove theresultsandmayevenleadto a decreaseof accuracies.

Notethattheresultsin table6.5wereobtainedby rejectingonly thatcomponentwhichcontained
all eye activity in the trainingdata. The rejectionof bothcomponentscontainingeye activity in the
validationdatawasattemptedaswell, which led to strongdecreasesin resultshowever.

WeconcludethatICA weightswhichareestimatedonthetrainingdatadonotgeneralizewell for
unseendata,evenin caseof setupUD wheretheunseendatais takenfrom thesamerecordingsession
asthetrainingdata.

Althoughthegeneralizationperformanceof theusedICA algorithmis obviously not very good,
we wantedto �nd out whetherthereareneverthelesssomeprocesseswhich aredetrimentalto the
classi�cation accuracy and which can be reliably identi�ed in the ICs computedfor unseendata.
Thereforecross-validationwasappliedto determinethosecomponentswhoserejectionyields in the
largest improvementsof resultsfor setupUD. (Rememberthat for setupSI no validation set was
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no ICA ICA

UD 93.4% 94.1%
SI 62.7% 56.8%

Table6.5: Comparisonof resultsachievedwithoutandwith ICA-basedeyeactivity removal from the
datafor setupsUD andSI. All resultsareobtainedwith theoptimalsystemcon�gurationfor averaging
andnormalization.

Figure6.5: ICsof thevalidationdatafor recordingsession(U1) obtainedwith ICA weightsestimated
on the training datafrom the samesession.It canbe seenthat the �rst andthe secondcomponent
containeye-activity andat leastthe�rst componentcontainsalsoEEGactivity.

available,sothatfor thissetupcross-validationwasnotapplicable.)
Table6.6 comparesthe resultsobtainedwithout artifact removal, to thoseobtainedusingcross-

validationor visualinspectionof theICs computedfor thetrainingdatato �nd thecomponentsto be
rejected.Thecross-validationmethodyieldsslightly betterresultsthanthevisualinspectionmethod.
Furthermoreresultsobtainedwith thecross-validationmethodaresigni�cantly betterthanthebaseline
resultswhereno ICs areremoved. However it canbeseenthat thecomponentsselectedfor removal
by thecross-validationmethodarecompletelydi� erentfrom thoseselectedby thevisual inspection
methodandthey do notcontaineye activity in any case.

Weconcludethattherearepossiblyprocesseswhicharedetrimentalto theclassi�cationaccuracy
and which can be isolatedon unseendatausing ICA weightsestimatedon training data. Cross-
validationcanbe usedto identify theseprocesses,however future work hasto �nd out moreabout
theirpropertiesandtheirorigin. Furthermoreothervariantsof ICA or completelydi� erentalgorithms
for successfuleye activity removal in our datahave to be investigatedin the future. Only if eye
activity canberejectedreliably from unseendata,it will bepossibleto saywhetherit is detrimental
to classi�cationaccuraciesor not.
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Session no ICA vis. inspection crossvalidation

(U1) 86.4% 1 92.1% 3 92.3%
(U2) 93.2% - 93.2% 9 94.2%
(U3) 95.7% 3 93.5% 8 97.1%
(U4) 97.6% 2 97.8% 12 97.6%
(U5) 92.8% 3 92.4% 10 93.8%
(U6) 94.7% 5 95.5% 16 94.7%
Total 93.4% 94.1% 94.9%

Table6.6: Comparisonof resultsfor thedi� erentrecordingsessionsobtainedwithout ICA to those
obtainedusingICA andvisual inspectionof the trainingdataor cross-validationto �nd thecompo-
nentsto berejected.Left of theresultsfor aparticularmethodthenumberof thecomponentwhich is
rejectedfor eachrecordingsessionis shown. A dashdenotesthatnocomponenthasbeenrejected.

6.1.7 FeatureReduction

Two potentialfeaturereductionmethodswhich areapplicablefor classi�cationproblemswerepre-
sentedin section4.3: Averagingoveradjacentfrequency bands(referredto asFreqAvg methodin this
section)andlineardiscriminantanalysis(LDA).

Figure6.6showsthevalidationsetaccuraciesfor setupsUD andUI whenadjacentfeaturesareput
togetherin binsof sizeb, i.e. whenaveragingover b adjacentfrequency bandsis performed.In both
casesno signi�cant increasein resultscanbe observed for any valueof b, but resultsremainstable
with increasingbin sizefor a while. For setupUD resultsstartto decreasefor with bin sizeof about
12 which correspondsto a total featurevectordimensionalityof 128features.(Notethattheoriginal
featurevectordimensionalitywas1440.) For setupUI resultsdecreasealreadyfor b = 7 wherein
total208featuresareused.A very interestingobservationis thatresultsdecreaseonly moderatelyup
to b = 45 for bothsetups.In this caseonly two featuresperelectrodeareconsideredanymore: the
averagepower for the lower frequencies(1-22Hz) andthehigherfrequencies(23-45Hz). Only for
b = 90 (onefeatureper electrode)resultsdrop strongly. This supportsthe hypothesisfrom section
2.3.1that for eachelectrodeinformationaboutthetotal power in the lower frequency range(around
the� -band)andin thehigherfrequency range(aroundthe40Hz
 -activity) is su� cientto distinguish
di� erentuserstates.

As explainedin section4.3.2,LDA coe� cientscanonly beestimatedwhenenoughdatais avail-
able,sinceotherwisetheeigenvalueproblemto solve is ill-conditioned.ThereforeLDA canonly be
appliedfor setupUI here.Figure6.7shows thevalidationsetaccuraciesfor LDA-baseddimension-
ality reductionto di� erentfeaturevectorsizes.

For LDA-basedfeaturereductionaccuraciesstartto drop alreadyfor larger featurevectorsizes
comparedto theFreqAvg method.Furthermoreit canbeseenthatfor thelattertheaccuracy for setup
UI is still larger than50%whenonly two featuresperelectrodeareconsidered(32 featuresin total),
while the accuracy for LDA-basedfeaturereductionto the samenumberof featuresis signi�cantly
lower. Closerinspectionof the featuresselectedby LDA for this featurevector size reveals that
preferablyvery low frequency bandsareselected,especiallythebands0 - 0.5Hzand0.5 - 1Hz (see
table6.8) and that acrosstraining setsthereis a strongoverlapbetweenthe selectedfeatures.As
explainedin section2.3.1theselow frequenciescorrespondto DC potentialswhich arerelatedto the
processingof sensoryinputs.They areusuallypertubedwith sweatingandelectrodeartifactshowever
andthereforeattenuatedby the ampli�ers. NonethelessLDA seemsto be able to extract valuable
informationfrom thesefeatures.A reasonthatLDA performsworsethantheFreqAvg methodmight
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Figure6.6: Validationsetaccuraciesfor setupsUD (solid line) andUI (dashedline) for featurere-
ductionwith the FreqAvg methodusing di� erentbin sizes. Note the non-equidistantscaleof the
x-axis.

Figure6.7: Validationsetaccuraciesfor setupUI for LDA-basedfeaturereductionto di� erentfeature
vectorsizes.Notethenon-equidistantscaleof thex-axis.
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Setup No feat. reduction LDA FreqAvg

UD 93.4% - 93.0%(144,b = 10)
UI 58.9% 57.5%(300) 53.1%(288,b = 5)
SI 62.7% - 62.5%(205,b = 7)

Table6.7: Resultsfor featurereductionon the testdatafor the di� erentexperimentalsetupsusing
LDA andtheFreqAvg methodcomparedto thebaselineresultsobtainedwithout featurereduction.A
dashindicatesthatnoresultsareavailablefor aparticularcase.Thenumberof features(andthevalue
of b whereapplicable)aredisplayedin braces.For bettercomparabilityno ICA wasusedfor setup
UD althoughthis might improve resultsslightly. All resultsareobtainedwith the optimal system
con�gurationfor averagingandnormalizationdeterminedin theprevioussections.

bethatLDA imposesa linearseparationbetweentheclasseswhich seemsnot to betruecompletely
althoughlinearSVMsachieve comparatively goodclassi�cationresults(seealsosection6.1.3).

Onecommonreasonfor theapplicationof featurereductionis thattheeliminationof featuresin-
troducingonly noisein thedatamight leadto betteroverall results.From�gures 6.6and6.7it canbe
seenthat featurereductioncannot improve resultshere.A possibleexplanationis that theclassi�er
itself is well ableto copewith noise,becauseit selectsa separationbetweentheclasseswherenoisy
featuresplay a minor role. Anotheradvantageof featurevectordimensionalityreductionis however
thatstatisticalmodelscanbeestimatedmorereliably, evenwhenonly little datais available.Further-
morelessmemoryis requiredto storelearnedmodelsandtrainingandclassi�cationproceduresmay
speedupa lot whenthenumberof usedfeaturesis reduced.

For thesereasonsit is interestingwhethera featurevectordimensionalitycanbedeterminedfrom
thevalidationsetresults,so that resultsremainstablebut thenumberof featuresis reducedsigni�-
cantlyfor unseendata.We decidedhereto make conservative choicesfor thereducedfeaturevector
dimensionalities,i.e. they werechosensu� ciently largerthenthosedimensionalitieswherevalidation
setresultsstartto drop.Thusit shouldbemorelikely to obtainstabletestsetresults.

Table 6.7 comparesthe test set resultsfor both featurereductionmethods(the featurevector
dimensionalityhasbeendeterminedfrom the validationdataasdescribedabove) with the baseline
whereno featurereductionis performed.All resultsdropslightly (but not signi�cantly) comparedto
thebaseline,however it canstill be saidthat they remainstable.The only exceptionarethe results
obtainedwith featurereductionmethodFreqAvg for setupUI , wherea signi�cant decreasein results
is observed. Possiblythechoiceof b = 5 from thevalidationdatawasnot conservative enough,i.e.
possiblythevalidationdatadoesnot re�ect thepropertiesof thetestsetwell enoughin thiscase.
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Session Fp1 Fp2 F7 F8 F3 F4 Fz T3 T4 T5 T6 P3 P4 Pz O1 O2

(U1) 0,
2.5,
4

0,
0.5,
5.5

0.5 0,
0.5

0.5,
2,
2.5

0,
0.5

0,
0.5,
4,
4.5

- 0.5 0,
0.5

0,
0.5

0.5 0,
0.5

0,
0.5

0,
0.5

0,
0.5

(U2) 0,
0.5,
2.5

0.5,
2

0 - 0,
0.5,
1,
1.5,
2.5

0,
0.5,
4

0,
0.5,
4

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0 - 0,
0.5

0,
0.5

(U3) 0, 4 0,
0.5

0,
0.5

0.5,
1

0,
0.5,
1.5,
2.5

0,
0.5

0,
0.5
3, 5

0,
0.5

0 0,
0.5

0,
0.5

0,
0.5

0 0.5 0,
0.5

0

(U4) 0,
0.5,
4

0,
0.5

0,
0.5

- 0,
0.5

0,
0.5,
4

0,
0.5,
4

0,
0.5

0 0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

(U5) 0,
3.5

0,
0.5,
2

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0, 3 0.5 0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

(U6) 0,
0.5,
4

1.5,
2, 4

0 - 0,
0.5,
2

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

0,
0.5

Table6.8: Frequency bandsselectedfor the di� erentelectrodes
by LDA-basedfeaturereductionto 32 featuresfor the di� erent
training setsof setupUI . The sessionnumbersidentify the test
setsto which thetrainingsetsbelongon which ICA weightswere
calculated.Thenumbersin the restof the tableindicatethestart
frequency of thefrequency bandswith 0.5Hzwidth.
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Setup

UD 93.4%
UD4 70.8%
HB 66.2%

Table6.9: Accuraciesfor setupUD setupUD4 andsetupHB for the discriminationof all six user
states.

6.1.8 ElectrodeReduction

As explainedin section5.1 the headbandfor EEG recordingusesonly four electrodesat the pre-
frontal andfrontal positionsFp1, Fp2, F7 andF8. In this sectionresultsarepresentedwhich were
obtainedwith the headbandor with theElectroCapTM whenonly datafrom thesefour electrodesis
considered.Furthermoresubsetsof userstatesareidenti�ed which canbediscriminatedparticularly
well usingthefour pre-frontalandfrontal electrodesonly.

Table6.9 comparestheresultsfor setupUD obtainedwith all 16 electrodeswith thoseobtained
usingthe four pre-frontalandfrontal electrodesof the ElectroCapTMonly (This setupis henceforth
referredto as UD4.) and with the resultsobtainedfor setupHB. In all casesthe optimal system
con�gurationfor averagingandnormalizationwhichhasbeenfoundin theprevioussectionsfor setup
UD wasused.No ICA andcomponentrejectionwasappliedhowever, sincethenumberof processes
capturedby thefour frontalelectrodechannelsseemsto bemuchlargerthanfour. In theICsestimated
for four electrodechannelsonly, one can seethat di� erentprocessessuchas eye activity are not
isolatedto singlecomponentsat all. Thesameexplanationswhich have beengivenfor thefailureof
ICA applicationfor setupUI (seesection6.1.6)seemto hold here,too.

It is notsurprisingthatresultsdropsigni�cantly whenonly four pre-frontalandfrontalelectrodes
insteadof all 16 electrodesareused.Neverthelessthesefour electrodesseemto besu� cient to dis-
criminateuserstatescomparatively well, althoughduringmostuserstatescortex areasareparticularly
active which arenot locatedat a pre-frontalor frontal cortex lobeat all: During userstateslistening,
perceiving a presentationandsummarizationof a readarticlehigh activity shouldbeobservedespe-
cially in temporalcortex regionswhich areresponsiblefor the processingof speechandlanguage.
Furthermoreduringuserstatesreading,arithmeticsandperceiving a presentationtheparietalcortex
wheretheunderstandingof symbolstakesplaceis particularlyactive.

The most likely explanationfor the comparatively large di� erencein resultsbetweenthe se-
tupsUD4 andHB wherethe sameelectrodepositionsareused,is that di� erentsubjectshave been
recordedin both casesandresultsusually �uctuate acrosssubjects.The signalsrecordedwith the
headbandseemto be at leastof comparableor even of betterquality thanthoserecordedwith the
ElectroCapTM , sincethe contactbetweentheskin andtheheadbandelectrodesis muchbettercom-
paredto theElectroCapTM electrodes.

Next it must be analyzedwhetherthereare subsetsof userstateswhich can be discriminated
particularlywell whenusingonly the four pre-frontaland frontal electrodes.For this purposethe
confusionmatricesobtainedfor thevalidationsetsof setupsHB andUD4 areexamined(table6.10).
Interestinglythepairsof statesfor which many confusionsareproduceddi� er oftenacrossthe two
setups,which indicatesthattheinformationaboutuserstateswhich canbecapturedfrom thefrontal
cortex is at leastpartly subjectdependent.Neverthelesssomesubsetsof userstatescanbeidenti�ed
for whichsu� ciently little confusionsaremadefor bothsetups:

1. Resting(R), listeningto a talk (L), readingandarticle(RE), summarizationof thereadarticle
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SetupHB
Prediction

(R) (L) (P) (RE) (RS) (A) Accuracy

(R) 8 0 7 5 0 5 33.0%
(L) 2 22 0 0 0 1 87.2%

Target (P) 1 0 10 2 8 4 40.4%
(RE) 0 0 0 22 0 3 88.1%
(RS) 1 1 2 0 21 0 83.7%
(A) 6 0 6 4 2 7 28.5%

SetupUD4

Prediction
(R) (L) (P) (RE) (RS) (A) Accuracy

(R) 28 14 7 8 8 3 40.5%
(L) 1 58 4 3 0 2 85.8%

Target (P) 2 9 45 5 3 4 68.7%
(RE) 3 8 0 41 8 8 56.1%
(RS) 0 5 0 2 58 3 83.9%
(A) 3 8 9 13 1 34 52.4%

Table6.10: Confusionmatricesfor thevalidationsetsof setupsHB andsetupUD4 for thediscrimi-
nationof all six userstates.Thematricesrepresentthesumover theconfusionmatricesobtainedfor
all validationsetsof aparticularsetup.In thelastcolumnstheclassi�cationaccuracy for eachstateis
shown.

(RS)

2. Perceiving apresentation(P), listeningto a talk (L), readinganarticle(RE)

Notethatfor thestatesin the�rst subsetlittle confusionsbetweenall of themcanonly beobserved
for setupHB, while for setupUD4 examplesfor thestateresting(R) arecomparatively oftenclassi�ed
to belongto anotherstate.Neverthelesswe includedrestingin at leastonesubsetof reducedstates,
sinceweconsiderthisstateto beimportantfor practicalapplications.

Table6.11comparesthe resultsfor setupsHB, UD4 andUD obtainedfor thediscriminationof
all six userstateswith thosewhich areachieved whenonly theuserstatesfrom the two subsetsare
takeninto account.Sincein eachcaseadi� erentnumberof statesis considered,resultsaredisplayed
in termsof thenormalizedexpectedloss(seesection4.6) to make themcomparable.

For bothuserstatesubsetsthenormalizedexpectedlossimprovesfor thesetupswhich usefour
electrodechannelsonly. For thesecondsubsetimprovementsareevensigni�cant. This leadsto the
conclusionthattherearesubsetsof userstateswhichcanbediscriminatedparticularlywell with only
four pre-frontalandfrontal electrodes.Neverthelessthebestresultsarestill achievedwhenusingall
16 electrodes.This is not very surprising,sincethelargestpartof theneuralprocessesrelatedto the
di� erentuserstatesdonot take placein thepre-frontalor frontal cortex asexplainedabove.

6.1.9 Analysisof BestSystemCon�guration

Table6.12shows parametersfor thebestsystemcon�gurationsfor setupsUD, SI andUI whichwere
determinedin theprevioussections.Theimprovementsfor eachsetupachievedby usingtheseoptimal
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Setup all states (R), (L), (RE), (RS) (P), (L), (RE)

UD 0.07(93.4%) 0.11(92.4%) 0.08(94.6%)
UD4 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:Meannormalizedexpectedlossesandmeanaccuracies(in braces)for thedi� erentsetsof
userstatesoverall recordingsessionsof setupsUD, UD4 andHB.

Setup

Averaging
(valueof
kopt)

Normalization
method

Artif act
Removal

Feature
Reduction

UD kopt = 2 GlobalNorm

ICA using
cross-
validation
for
component
rejection

none

UI kopt = 4 UserNorm none none
SI kopt = 3 UserNorm none none

Table6.12:Parametersof thebestcon�gurationof eachprocessingstepfor setupsUD, SI andUI

parametersfor eachprocessingsteparedisplayedin table6.13.
For all setupsresultsimprove considerablywhenaveragingover thekopt previousfeaturevectors

is performed.Only for setupUI largeimprovementsareobservedaswell whennormalizationmethod
UserNorm insteadof thebaselinemethodGlobalNorm is used.As a reasonfor that �nding, it was
suggestedin section6.1.5, that the variability in the dataof this setup,which is larger compared
to the other to setups,can be reducedby this normalizationmethod. ICA basedartifact removal
could �nally beappliedwith successonly to thedataof setupUD becauseof thebadgeneralization
propertiesweightmatricesestimatedby theInfomaxalgorithm.Notehowever thatin contrastto our
original intentionnoeyeactivity but otherpotentiallyartifactualprocesseswererejectedwith thehelp
of ICA.

For the bestsystemcon�guration the resultsfor setupUI andSI do not di� er much,while for
thebaselinesystemmuchbetterresultsfor setupSIcouldbeachieved. Intuitively onewouldconsider
problemof userstateclassi�cationacrosssessionsfrom thesamesubject(setupSI) to bemucheasier
thanuserstateclassi�cationacrosssubjects(setupUI). It mustbenotedhowever thatabout� vetimes
lesstraining datawasavailablefor setupSI comparedto setupUI which might explain that only a
smalldi� erencein resultsbetweenbothsetupsremains,afterunwantedvariability betweensubjects
hasbeenremovedfrom thedatausingnormalization.

Closeranalysisof theresultsfor di� erentrecordingsessionsanddi� erentuserstatesperrecording
sessionreveals,thatthey all improve withoutexceptionwhencomparingthebaselineresultsto those
obtainedwith the bestsystemcon�guration for setupsUD and UI. This is not the casefor setup
SI, wheretheclassi�cationaccuracy increasesstronglyfor recordingsession(U8a),but it decreases
for the other threerecordingsessionswhennormalizationmethodUserNorm is appliedinsteadof
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Setup Baseline Averaging Normalization Artif act
Removal

UD 87.9%
93.4%
� abs = 5:5%
� rel = 45%

-
94.9%
� abs = 1:5%
� rel = 23%

UI 38.2%
46.7%
� abs = 8:5%
� rel = 14%

58.9%
� abs = 12:2%
� rel = 23%

-

SI 56.8%
61.8%
� abs = 5:0%
� rel = 12%

62.7%
� abs = 0:9%
� rel = 2%

-

Table6.13:Accuracies,absolute(� abs) andrelative improvements(� rel) afteroptimizingeachparam-
etersystemparameterof thebaselinesystemappropriatelyfor setupsUD, UI andSI. A dashindicates
thatno improvementscouldbeachievedby changingthebaselinecon�gurationof thecorresponding
processingstep.

the baselinemethodGlobalNorm. If the baselinenormalizationmethodis usedfor all recording
sessionsof thissetuphowever, alsohereimprovementsfor eachsessionandalmosteachuserstateare
observed. Only for userstaterestingtheaccuracy obtainedwith thebestsystemdecreasesby 1% in
averageover all sessionscomparedto thebaselinesystem.

Thelargestabsoluteimprovementsareobservedfor setupUI . Thereforeit is interestingto analyze
for thissetupwhetherthesystem'sweakpointscouldbeimprovedwhenthebestsystemcon�guration
is used.For this purposewe considertheconfusionmatricesof thebaselinesystem,thebestsystem
andthedi� erencebetweenboth,whichareshown in table6.14.

In particularthe analysisof the di� erencematrix is interesting.Positive entriesin the main di-
agonaldenoteaccuracy improvements.Entriesat otherpositionsarepositive whenthe numberof
confusionsincreasedin the bestsystemcomparedto the baselinesystemand negative otherwise.
Sinceit wasmentionedabove that accuraciesimproved for all userstatesfor the bestsystem,it is
not surprisingthat positive entriesin the di� erencematrix arefound mostly but not exclusively on
the main diagonal. It is noteworthy however that examplesof userstateperceiving a presentation
(P) areconfused26 timesmorewith the summarizationof a readarticle (RS) for the bestsystem
con�gurationcomparedto thebaselinecon�guration.No simpleexplanationcanbeprovidedfor that
�nding. Probablymuchdeeperunderstandingof theneuralprocessesrelatedto thesetwo userstates
andcloseranalysesof thee� ectsof normalizationandaveragingon thedataarerequired,to beable
to give aplausiblereasonfor thestrongincreaseof confusionshere.

In thebaselinesystemthefollowing userstateswereconfusedparticularlyoftenfor setupUI (see
alsosection6.1.3): (L) and(P) with (R), (L) with (P), (P) with (A) and(RE) with (P) and(A). In the
bestsystemthenumberof almostall thesekindsof confusiondecreasedclearly, only thenumberof
confusionsof state(L) with state(R) remainedconstantly.

Weconcludethatweaknessesof thebaselinesystemcouldbeeliminatedat leastpartly in thebest
system.It mustbenotedhowever thatalsothebestsystemconfusestheabove mentionedstatesstill
relatively often.
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SetupUI, baselinecon�guration
Prediction

(R) (L) (P) (RE) (RS) (A)

(R) 37 9 14 10 4 4
(L) 49 34 33 14 10 6

Target (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

SetupUI, bestcon�guration
Prediction

(R) (L) (P) (RE) (RS) (A)

(R) 44 16 10 5 3 0
(L) 49 65 25 0 4 3

Target (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� erencebetweenbestandbaselinecon�gurationfor setupUI
Prediction

(R) (L) (P) (RE) (RS) (A)

(R) 7 7 -4 -5 -1 -4
(L) 0 31 -8 -14 -6 -3

Target (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 setupUI .

6.1.10 PrototypeSystem

To show the feasibility of userstateclassi�cation in real time and to be able to get an immediate
responseof thesystemwhendatais recordedunderdi� erentconditions,aprototypesystemhasbeen
developed(�gure 6.8).

Thework�o w of thesystemcanbedescribedasfollows: First raw EEGdatais acquiredwith the
headbandandtheampli�er which aredescribedin section5.1. Thena PentiumIII 800MHz laptop
is usedfor dataprocessing.Datais receivedby thecomputervia theserialRS232port usinga C++-
baseddataacquisitiontool whichhasbeendevelopedatUniversityof Karlsruhe.Thenpreprocessing
andclassi�cationareperformedwith aMATLAB TM implementationof thecorrespondingalgorithms
(which is partly basedon standardtool boxes). Finally a hypothesisfor the currentuserstateis
displayedby the dataacquisitiontool. Note that for technicalreasonsANNs insteadof SVMs are
usedasclassi�ersin theprototypesystem.

EEG is recordedcontinuouslyandevery � ve secondsa new userstatehypothesisis produced
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Figure6.8: Theprototypesystemfor userstateidenti�cation. In theupperleft cornerof themonitor
the recordedEEG signalsaredisplayed,the hypothesisfor thecurrentuserstatecanbe seenin the
upperright corner. Thespectrogramsfor theelectrodesFp1,Fp2F7andF8 areshown at thebottom.

usingthe datasegmentacquiredduring the last � ve seconds.From eachdatasegment� ve feature
vectorsareextractedandclassi�ed using the methodsdescribedin section4. Thus � ve userstate
hypothesesareproducedper segmentandthe �nal hypothesisto be displayedis determinedusing
a majority decision. Preprocessingandclassi�cation for � ve secondsof datatakesmuchlessthan
onesecondso that real time processingis easilypossible.Currentlytheprototypesystemis ableto
distinguishtheuserstatesresting,reading,listeningto a talk andtalking.

Theprototypesystemperformsbestwhentrainingandtestingis performedin onesessionwhich
is not surprisingwhencomparingtheresultsfor setupsUD andSI from theprevioussections.Thus,
to obtainan optimal systemperformance,training mustbe performeddirectly beforethe systemis
actuallyusedandtheheadbandmustnot be moved or even pulledo� andput on againin-between.
About 100secondsof trainingmaterialfor eachuserstatearesu� cient to obtainalreadyvery good
classi�cation results. Whentraining datafrom othersessionsthanthe testsessionis used,system
performanceincreaseswith the numberof sessionsfrom which training datais taken. Even when
training and test sessionare the same,the useof additionaltraining material from other sessions
seemsto have apositive e� ectin many cases.

The userstatesreadingand restingare recognizedvery robustly acrosssessions.Not even a
carefulelectrodeplacementis requiredto obtaina goodclassi�cationperformancefor thesestates,
but theuserwho is recordedcaneasilyputon theheadbandhimself.For therecognitionof userstate
listeningtheprototypesystemis lessrobustacrosssessions.This con�rms the�ndings from section
6.1.3wherefor userstatesrestingandreadingmuchbetterclassi�cationaccuraciesacrosssessions
(i.e. for setupSI) werereportedthanfor userstatelistening.

6.2 Assessmentof Mental TaskDemand

6.2.1 Data AnalysisusingSOMs

Initial experimentson the taskdemanddatashowed that it is muchmoredi� cult to distinguishthe
four taskdemandlevelslow, medium,high andoverloadthandi� erentuserstates.In 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:Accuraciesfor eachtaskdemandlevel obtainedin aninitial subjectandsessiondependent
experimentfor recordingsessions(T1), (T2), (T3a)and(T4). LinearmulticlassSVMs wereusedas
classi�ershere,for averaginga valueof k = 2 waschosenandnormalizationwasperformedwith
methodGlobalNorm. A dashat a certainpositionindicatesthatno datafor that taskdemandlevel
from thecorrespondingrecordingsessionwasavailable.

si�cation accuraciesfor thediscriminationof thetaskdemandlevelslow, medium,highandoverload
areshown for recordingsessions(T1), (T2), (T3a)and(T4). An experimentalsetupsimilar to setup
UD for theuserstatedatawasusedto obtaintheseresults:Classi�cationwasperformedwith linear
multiclassSVMs,for averagingavalueof k = 2 waschosenandnormalizationmethodGlobalNorm
wasapplied.

Theobtainedaccuraciesareall above thechanceaccuracy of 25%,however far below theresults
whichwereobtainedfor setupUDfor thediscriminationof six userstates.Furthermoreit canbeseen
from table6.15 that for eachrecordingsessionthereareno morethantwo taskdemandlevels for
which the accuraciesareclearly above chance.Closerinspectionof the confusionmatricesfor the
sinlgerecordingsessionsreveals,that the examplesfor taskdemandlevels with low accuraciesare
mostlyclassi�edto belongto onetaskdemandlevel with ahigheraccuracy.

Also whenusingANNs for classi�cationor theregressionversionsof SVMsor ANNs resultscan
not beimproved. This leadsto thehypothesesthateithertheneuralcorrelatesof taskdemandwhich
canbe measuredin the EEG aretoo weakto be usedfor the predictionof taskdemand,or that the
targetvaluesfor theavailabledataaretoounreliable.Especiallythelatterhypothesisseemsplausible,
sincethe targetswereobtainedfrom subjective taskdemandevaluationsby the recordedsubjects,
andsubjectsusuallyfoundit very di� cult to identify theexact transitionbetweentwo levelsof task
demand(seesection5.3).Thishypothesisis supportedevenmorewhenconsideringthepooroverlap
betweentime segmentscorrespondingto thesametaskdemandlevel for two subjective evaluations
of onerecording(seetable5.4).

To �nd outwhetherthereis at leastsomestructurein thedatadespitethepotentiallybadqualityof
thereferences,i.e. to �nd outwhetherthereareat leasttwo or threetaskdemandlevelswhichcanbe
reliably discriminated,SOMsweretrainedto gain insightaboutthespatialrelationsof theavailable
featurevectors.Only if all featurevectorsbelongingto di� erenttaskdemandlevelsaresu� ciently
far away from eachother, thetrainingof classi�cationor regressionfunctionsfor thediscrimination
of thesetaskdemandlevelsmakessense.

Figure6.9showstheSOMsfor recordingsessions(T1), (T2), (T3a)and(T4). After SOMtraining,
the BMUs of the examplesbelongingto di� erenttaskdemandlevels wereindicatedin the mapas
dotsof di� erentcolors. The sizeof the dotsis proportionalto the numberof examplesof onetask
demandlevel sharingthesameBMU. To makethegenerationof theSOMscomputationallytractable,
averagingover � ve adjacentfrequency bandswasperformedwhich shouldnot betoo detrimentalto
theresultsaccordingto theexperiencewith theuserstatedata(seesection6.1.7).(In section6.2.7it is
con�rmed thatalsoresultsfor thetaskdemanddataremainstable,evenwhenaveragingis performed
over up to 45adjacentfeatures.)
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The BMUs for taskdemandlevel mediumoverlapeitherwith thosefor taskdemandlevel high
(in caseof session(T2)), with thosefor taskdemandlevel low (in caseof session(T4)) or evenwith
theBMUs for taskdemandlevel high andlow (in caseof sessions(T1) and(T3a)). This agreeswith
theabove hypothesisthateithertheEEGactivity relatedto mediumtaskdemandis not verydi� erent
from theactivity relatedto low or high taskdemand,or thatsubjectsweresimply not ableto �nd the
exacttransitionsbetweenmediumtaskdemandandtheothertaskdemandlevels. Sincein table6.15
thelowestaccuraciesarereportedalsofor taskdemandlevel medium,we decidedto excludeit from
furtherexperiments.

Only for two of thefour consideredrecordingsessions(sessions(T3a)and(T4)) examplesfor task
demandlevel overloadareavailable,andit canbeseenfrom �gure 6.9thattheircorrespondingBMUs
almostdonotoverlapwith theBMUs of othertaskdemandlevels.For session(T4) however noclear
separationbetweentheBMUs for theexamplesof taskdemandlevelshighandoverloadcanbeseen,
which suggestsbadgeneralizationperformancefor unseendata.To analyzetherelationbetweenthe
threeremainingtaskdemandlevelslow, highandoverloadin greaterdetail,SOMsfor sessions(T3a)
and(T4) weretrainedwith examplesfor thesetaskdemandlevelsonly (see�gure 6.10). Now some
overlapbetweenthe BMUs for examplesof taskdemandlevels high andoverloadcanbe seenfor
session(T3a), while for session(T4) thereis still no overlapbut alsono clearseparationbetween
theBMUs of examplesof both taskdemandlevels. The �nding for session(T3a) thatoverloadand
high taskdemandareonly separatedwell in the SOM trainedon all data(�gure 6.9) suggests,that
thefeaturevectorsof bothtwo taskdemandlevelsbelongto separateclusterswhicharehoweververy
closetogether. As a consequenceof that for unseendatageneralizationmight be bad. Furthermore
it canbe found for the initial experimentsdescribedabove that eithermany confusionsweremade
betweenhigh taskdemandandoverload(in caseof session(T3a))or thatexamplesof taskdemand
level overloadwereexclusively classi�ed to belongto otherarbitrarytaskdemandlevels(in casefor
session(T4)). For thesereasonsalsoexamplesof taskdemandlevel overloadwereexcludedfrom the
following experiments.

Figure6.11shows �nally theSOMsfor thefour recordingsessionswhich aretrainedonly on the
examplesfor theremainingtaskdemandlevelslow andhigh. Exceptfor session(T1), onecanseethat
examplesfor low andhigh taskdemandhave mostly to non-overlappingBMUs which areseparated
clearlyin theSOMs.This indicatesthatalsofor unseendatathepredictionof thesetwo taskdemand
levelsshouldwork well. TheoverlappingBMUs of bothtaskdemandlevelsfor session(T1) suggest
thatthevariancebetweenfeaturevectorsfor di� erenttaskdemandlevelsis smallerthanthevariance
within the group for featurevectorsbelongingto one task demandlevel. Note however that this
doesnecessarilyimply badclassi�cationresults,sinceit is possiblethatalsosmallchangesof some
featurevalueshave a largepredictive power. Thusthis �nding is only anindicatorthatgeneralization
performancefor unseendatamightbebad1.

For all SOMspresentedhere,theBMUs weredeterminedfor theexampleswhich wereusedfor
trainingonly, sincethegoalfor usingSOMswasto gaininsightinto thestructureof theavailabledata
in general,andnotto testthegeneralizationperformanceof aSOM-basedclassi�cationalgorithm.To
examinewhetherour hypothesisconcerningthegoodseparabilityof featurevectorsfor taskdemand
levelslow andhighcanalsobegeneralizedfor unseendata,experimentswith thesamesetupasabove
wereconducedontestdata,wherethesetwo taskdemandlevelsonly werediscriminated. Theresults
areshown in table6.16.

1Notethatfor theabove decisionsto rejectthedatafrom taskdemandlevelsmediumandoverloadfor thefollowing ex-
periments,notonly overlappingor badlyseparatedBMUs for thedi� erentexamplesin theSOMswereusedasjusti®cation,
but alsoactualclassi®cationaccuraciesfrom theinitial experimentswereconsidered.This is alsodonehere(seetable6.16)
to justify thedecisionthatlow andhigh taskdemandcanbeseparatedwell.
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Session(T1) Session(T2)

Session(T3a) Session(T4)

Figure6.9: SOMsfor recordingsessions(T1), (T2), (T3a) and(T4). Reddotscorrespondto task
demandlevel low, darkbluedotsto medium,light bluedotsto high andgreendotsto overload.The
sizeof the dotsis proportionalto the numberof exampleshaving their BMU at the positionof the
correspondingdot.
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Session(T3a) Session(T4)

Figure6.10:SOMsfor recordingsessions(T3a)and(T4) trainedondatafrom taskdemandlevelslow
(reddots),high (bluedots)andoverload(greendots)only. Thesizeof eachdot is proportionalto the
numberof exampleshaving theirBMU at thepositionof thecorrespondingdot.

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:Accuraciesfor thediscriminationof taskdemandlevelslow andhighobtainedin aninitial
experimentwith auserandsessiondependentsetupfor recordingsessions(T1), (T2), (T3a)and(T4).

Comparedto theresultsobtainedfor thediscriminationof all four taskdemandlevels(table6.15),
thenormalizedexpectedlossimprovesfor all recordingsessions.(Improvementsareclearlysignif-
icant.) Two interestingobservationscanbe madewhencomparingthe SOMsfrom �gure 6.11and
the resultsfrom table6.16: For session(T1) very goodclassi�cationresultsareachieved, although
theSOM for thedatafor this sessionthis sessionsuggeststhecontrary. Thusis seemsthat thereare
really somefeaturesfor which smallchangesof their valueshave high discriminative power. Second
asurprisinglylow accuracy is achievedfor recordingsession(T4), in particularfor taskdemandlevel
high. Onereasonfor this might be that no suitablelinear separationcould be found betweenthe
examplesof bothtaskdemandlevels,althoughsomeseparationseemsto exist which is suggestedby
thestructureof theSOM.Ontheotherhandit is possible,thatthedataof this recordingsessionis too
noisy, sothatthetrainedclassi�er doesnotgeneralizewell for thetestdatahere.

Fromthe �ndings in this sectionwe concludethat thediscriminationof taskdemandlevels low
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Session(T1) Session(T2)

Session(T3a) Session(T4)

Figure6.11: SOMsfor recordingsessions(T1), (T2), (T3a) and(T4) trainedonly on examplesfor
taskdemandlevels low (red dots)andhigh (blue dots). The sizeof eachdot is proportionalto the
numberof exampleshaving theirBMU at thepositionof thecorrespondingdot.
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andhighseemsto work relatively well. Thereforeonly thesetwo taskdemandlevelswereconsidered
in theexperimentspresentedin thefollowing sections.

6.2.2 Experimental Setups

Theexperimentalsetupsfor thetaskdemanddataarevery similar to thosewhich weredistinguished
for theuserstatedata. Thereforethesamenamesfor similar setupssetupsareusedhereto make it
easierto remembertheir characteristics.Eachsetupis now describedbrie�y below:

UD Userandsessiondependentexperiments:Di� erentdataportionsof thesamerecordingsession
wereextractedfor training(80%of thewholesession),testingandvalidation(each10%of the
wholesession).Recordingsessions(T1), (T2), (T3b) and(T4) from theElectroCapSubjects
datacollectionwereusedfor this setupandresultsarealwaysreportedasaveragesover the
testor validationsetaccuraciesfor all thesesessionsif not indicateddi� erently. Trainingsets
comprisein average247secondsof data,validationsets31 secondsandtestsets64 seconds.

HB Thesametypeof experimentsasfor setupUD wasconductedon theHeadBandSubjectsdata
(recordingsessions(T7) and(T8)). The averagesizeof the trainingsetsis here314seconds,
theaveragevalidationsetsize39 secondsandtheaveragetestsetsize86 seconds.Also here
reportedresultsareaveragesover theaccuraciesobtainedfor thevalidationor testsetsof both
recordingsessions.

UI Userindependentexperiments:For recordingsessions(T1), (T2), (T3b) and(T4) from theElec-
tr oCapSubjectsdata the systemwas trained in a round-robinmanneron a subsetof three
recordingsessions(in average740 secondsof data)andtestedon the remainingsession.For
comparabilityof theresultsthesametestsetsasin setupUD wereusedandresultswereaver-
agedin thesameway. For validation229secondsof datafrom thesessions(T5) and(T6) from
theElectroCapSubjectsdatacollectionwereavailable.

SI Userdependentbut sessionindependentexperiments:Only for onesubjecttaskdemanddatawas
collectedtwice(recordingsessions(T3a)and(T3b)). For thisdata,experimentsacrosssessions
wereconducted,i.e. trainingwasperformedon 80%of thedataof onesession(in average257
secondsof data),testingon 10%of theothersession(in average48 secondsof data)andvice
versa.Resultsarereportedasaveragesover the accuraciesfrom both testsets.As in caseof
theuserstatedata,no datawasavailablefor validationhere,which re�ects thepropertiesof a
sessionindependentexperimentalsetup.For earlystoppingregularization10%of non-training
datafrom the trainingsessionswasused(in average32 seconds).In all othercasesplausible
guessesfor systemparametersweremadebasedon theestimatesfor setupsUD andUI.

Notethatalsofor thetaskdemanddatathelengthof thedi� erentdatasetsin secondscorresponds
to thenumberof featurevectorsperdataset,sincefor eachseconda new featurevectoris available,
asexplainedin section4.2. Notefurthermorethatdatasetsfor trainingandvalidationwerebalanced
after their extractionfrom the di� erentrecordingsessions(asin caseof the userstatedata),so that
thepercentagesgivenabove do not representtheir fractionof all availabledata.For thetestdatathis
is not thecase,whichalsoexplainsthedi� erencebetweentheavailabletestandvalidationdata,even
whenthesameamountof datahadbeenextractedfor bothprior to balancing.

Similarly to theuserstatedata(seesection6.1.1),thetestsetsfor setupsUD andUI areexactly
thesame,while thetestsetsfor theothertwo setupsarebasedondi� erentrecordingsessions.For this
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reasonaccuraciesobtainedfor setupsUD andUI areclearlyseparatedfrom theaccuraciesobtained
for theothersetupsin all following tablesin thesamewayasis hasbeendonefor theuserstatedata.

6.2.3 ANN topologyselection

As explainedin section6.1.2for theuserstatedata,ANN topologyselectionhadto beperformedas
well for thetaskdemanddata,beforeANNs canbetrainedandusedfor taskdemandprediction.Also
hereexclusively networks with onehiddenlayerareusedso thatonly thenumberof neuronsin the
hiddenlayerremainsto bedetermined.

For setupUD this is doneusingthe datafrom recordingsessions(T5) and(T6) (the validation
datasessionsfor setupUI). For setupUI networksaretrainedon theoriginal trainingdataandearly
stoppingregularizationis performedusingtheoriginal validationdata. As topologysectiontestset
dataportionsfrom recordingsessions(T5) and (T6) are usedwhich are disjoint with the original
validationdata.No datais availableto performtopologyselectionfor setupSI. Thereforethenetwork
topologyfor thissetupwasguessedbasedon theresultsobtainedfor theothertwo setups.

Figure6.12shows the accuraciesfor di� erentnumbersof neuronsin the hiddenlayer obtained
with regressionandclassi�cationANNs for setupsUD andUI. Accuraciesrepresentalwaysaver-
agesover � ve repetitionsof thesameexperiment.Thestandarddeviationsover theserepetitionsare
depictedby the whiskers in the �gure. From the predictionsof regressionANNs accuracieswere
obtainedusingequation4.71.

Severalobservationscanbemadein �gure 6.12. For bothexperimentalsetupsregressionANNs
performslightly betterthanclassi�cationANNs, howeverdi� erencesin resultsarein mostcasesvery
small(exceptwhenlessthan8 hiddenunitsareusedin caseof setupUD) andoftenwithin thestandard
deviationsover the repeatedexperiments.Thus the hypothesisfrom section4.5 that di� erenttask
demandlevelsarepredictedbetterwhenusingaregressionfunctioninsteadof aclassi�cationfunction
(sincethe �rst methodexploits the informationcontainedin theordinalscalingof thedi� erenttask
demandlevels)is supportedonly slightly by that�nding. Furthermorecloserinspectionof theresults
for particularrecordingsessionsrevealsthat�uctuationsacrosssubjectsarelargerwhena regression
ANN insteadof aclassi�cationANN is used.

For setupUD theclassi�cationresultsincreasewhenincreasingthenumberof hiddenunitsup to
14,while regressionresultsseemto bemostlyinsensitive towardsthenumberof hiddenunits.There-
fore in thefollowing ANN experimentsusingsetupUD 18 hiddenunitswereusedfor classi�cation
ANNs and14 hiddenunitsfor regressionANNs.

For setupUI it canbe seenthat resultsareonly slightly above chanceaccuracy. Thereforeit
hasto beinvestigatedin thefollowing, whetherit is generallypossibleto predicttaskdemandacross
subjects,andif this is thecase,whetherANNs areapplicablefor this task.Besidesthatit canbeseen
thatresultsfor classi�cationandregressionANNs areinsensitive towardsthenumberof hiddenunits.
Therefore14 hiddenunitswereusedfor bothmethodsin thefollowing experimentsusingsetupUI.
Also for setupSI 14 hiddenunitswereusedfor all ANN experiments.

6.2.4 Comparisonof Prediction Methods

In this sectiontheperformanceof theregressionandclassi�cationversionsof SVMs andANNs are
comparedfor thefollowing baselinesystemcon�guration:

� no artifactremoval

� no averagingover featurevectors
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SetupUD

SetupUI

Figure6.12: Resultsobtainedon the topologyselectiontest setswhenusingdi� erentnumbersof
hiddenunitsfor classi�cation(solid lines)andregression(dottedlines)ANNs for setupsUD andUI.
Thewhiskersdepictthestandarddeviationsover � ve repetitionsof thesameexperiment.

� normalizationwith methodGlobalNorm

� no featurereduction

� LinearSVMs or ANNs with onehiddenlayerwereusedfor classi�cationandregression.For
thenumberof hiddenANN unitsthevaluesdeterminedin theprevioussectionwerechosen.To
reducethe�uctuationsof theANN results,predictionswerecomputedusingmajoritydecisions
(in caseof classi�cation)or averaging(in caseof regression)over theoutputsof � ve networks
trainedandtestedon thesamedata.

Table6.17shows the resultsfor the di� erentclassi�cationandregressionmethodsandthe dif-
ferentexperimentalsetups.Fromthepredictionsof thetrainedregressionfunctions,accuracieswere
derivedhere(andfor all otherexperimentswith regressionmethodsreportedin theremainderof this
work) usingequation4.71. For ANNs the sameexperiment(i.e. training andtesting)wasalways
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Setup SVMclass SVMregress ANNclass ANNregress

UD 81% 79% 78%(� 7%) 71%(� 3%)
UI 72% 74% 70%(� 3%) 69%(� 3%)
SI 66% 73% 53%(� 5%) 66%(� 5%)

Table6.17: Resultsfor the di� erentclassi�cation andregressionmethodsfor all experimentalse-
tups. The �gures in bracesre�ect the averagestandarddeviationsover � ve repetitionsof the same
experimentsin caseof ANNs.

repeated� ve timesin orderto beableto analyzethe�uctuations in theresults.Thereforeaccuracies
obtainedwith ANNs arealwaysreportedasmeansover these� verepetitionsandstandarddeviations
aregivenaswell.

Note that OLS-regressionfor taskdemandpredictionis not applicablefor the baselinesystem,
sincetrainingdatais sparseandfeaturevectordimensionalityhigh,sothattheproblemof estimating
theregressioncoe� cientsbecomesill-conditioned.Thispredictionmethodcanonly beusedwhenthe
featurevectordimensionalityhasbeenreducedsigni�cantly before.Thereforeresultsobtainedwith
OLS-regressionarereportedin section6.2.7,wheredi� erentfeaturereductionmethodsareexamined
andfor thebestperformingmethodanoptimalfeaturevectordimensionalityis selected.

It canbe seenfrom table6.17 that (in contrastto the userstatedata,seesection6.1.3)SVMs
perform betterthe correspondingANNs for all experimentalsetups,as well for the estimationof
regressionfunctionsandclassi�cationfunctions.In mostcases,thedi� erencesin resultsarenot sig-
ni�cant however. For thesamereasonswhicharealreadymentionedin section6.1.3for theuserstate
data(risk of extraordinarylow accuraciesfor unseendatajust by coincidence,di� cult comparability
of resultsbecauseof �uctuations),all following experimentswereconductedusingSVMs. It should
bekept in mind however thatANNs seemto beanapplicablemethodfor taskdemandestimationas
well.

Note that ANNs resultsfor setupUI aremuchbetterthanexpectedwhencomparingthemwith
theaccuraciesobtainedonthetopologyselectiontestsetswhichwereonly slightly abovechance(see
section6.2.3).Thereasonfor thatmight bethatthevalidationdatacoincidentallycontainsrecording
sessionsfor which the estimationof taskdemanddoesnot work well. Furthermoreit is interesting
to observe thatclassi�cationANNs performbetterthanregressionANNs for setupsUD andUI here
in contrastto the �ndings from section6.2.3. The di� erencesare however not signi�cant which
suggeststhat classi�cationandregressionANNs arepossiblyequallysuitablefor the predictionof
taskdemand,at leastwhenonly two taskdemandlevelsareconsidered.

Also no big di� erencesin resultsbetweenthe classi�cation and regressionvariantsof SVMs
canbe observed. Only for setupUI the regressionSVMs producesigni�cantly betterresultsat the
10%level thanclassi�cationSVMs,while in nocaseSVM-basedclassi�cationperformssigni�cantly
betterthanSVM-basedregression.

Forall following experimentstheregressionversionof SVMswasused.Thisdecisionismotivated
by theintuition thatfor thepredictionof anordinally scaledvariablesuchastaskdemandregression
methodsaremoresuitable.Althoughno bene�ts of their applicationcomparedto theapplicationof
classi�cationmethodscanbe seenwhenonly two taskdemandlevels aredistinguished,regression
methodsmight outperformclassi�cationmethodswhena largernumberof taskdemandlevelsmust
bepredicted.In thatcaseit makesmoresenseto exploit informationabouttheorder of thedi� erent
taskdemandlevels,which is exactlywhatmethodsfor theestimationof regressionfunctionsdo.
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In �gure 6.13 the predictionsof the learnedregressionfunctionsarecomparedwith the target
valuesfor low taskdemand(targetvalues1) andhigh taskdemand(targetvalue2). Theclassi�cation
accuracieswhich canbe derived from thesepredictionsareshown in �gure 6.14for eachrecording
sessionandeachexperimentalsetup.

Therelationbetweentheregressionfunctionpredictions(�gure 6.13)andtheclassi�cationaccu-
raciesderivedfrom thesepredictions(�gure 6.14)is now discussedseparatelyfor eachexperimental
setup.

For setupUD it canbeseenthatthepredictionsfor session(T3a)matchthetargetsverywell and
thatthey show little variability. This resultsin a classi�cationaccuracy of 100%for this session.For
sessions(T1) and(T2) muchmorevariabilty in thepredictionscanbeobserved.Howeverpredictions
which belongto examplesfor high taskdemandhave in averagehighervaluesthanthosebeloning
to examplesfor low task demand. The valuesof the latter are generallymuch higher than their
targetvalues.Thee� ectof bothobservationson classi�cationaccuraciesis, thattheperformancefor
high taskdemandis muchbetterthanthe performancefor low taskdemandfor both sessions.All
predictionsfor the testdataof session(T4) areapproximatelyon the samelevel. It caneasilybe
seenthatthosebelongingto examplesof high taskdemandaremuchtoo low in orderto producethe
correctclassi�cation. Notehowever thereis a slight tendency of thesepredictionsto behigherthan
thepredictedvaluesfor examplesfor low taskdemand.

For experimentalsetupUI it is interestingto observe that for sessions(T2) and(T4) betterclas-
si�cation accuraciesareachieved comparedto setupUD. Thatmeansthat datarecordedfrom other
subjectsis bettersuitedto predictthe taskdemandfor thesetwo sessions,thandatawhich is taken
from thesesessionsthemselves.Thevariability of predictionsis largefor setupUI , too. In particular
for session(T1) it surprisingthatclassi�cationaccuraciesclearlyabovechanceareachieved,although
predictionsseemalmostrandomlyspreadbetweenthetargetvaluesfor low andhigh taskdemand.In
generalresultsfor setupUI aremuchbetterthanexpectedaccordingto theexperiencemadefor the
userstatedata(seesection6.1.3).

Whencomparingthepredictionsfor recordingsession(T3a)for setupsUD andSI, it canbeseen
thatthepredictedvaluescontainmuchmorevariability whenanotherrecordingsessionfrom thesame
subjectis usedfor training. Neverthelesspredictionsbelongingto examplesfor low taskdemandare
su� ciently low, andthosefor high taskdemandaresu� ciently high alsofor setupSI, so that still
goodclassi�cationaccuraciesareobtained. For session(T3b) a similar observation as for session
(T4) in caseof setupUD canbemade:Thepredictionsfor examplesfor high taskdemandstaytoo
closeto thetargetvaluefor low taskdemand,sothatonly thechanceclassi�cationaccuracy of 50%
is obtained,sinceall examplesareclassi�edaslow taskdemand.

Table6.18�nally shows for eachrecordingsessionandeachexperimentalsetupsomestatistical
measureswhicharesuitablefor theevaluationof regressionfunctions(seesection4.6.2)togetherwith
theaverageclassi�cationaccuracy for comparison.

It can be seenthat high valuesfor rub and low valuesof the squarederror do not necessarily
imply goodclassi�cation accuracies.The main reasonfor this seemsto be, that despitethe large
variability of thepredictionsin many cases,thepredictedvaluesarestill closerto their target value
than to the target value of the other task demandlevel, so that good classi�cation accuraciesare
obtained. In our casethat meansthat predictionsfor examplesfor low or high taskdemandwhich
areonly slightly below or above 1.5 may leadto goodclassi�cationaccuracies,while they produce
high squarederrorsandlow correlationcoe� cients. Furthermoreit is interestingto observe the (in
mostcases)largely positive o� setsof the linear regressionfunctions. This shows that taskdemand
predictionsaregenerallyhigherthanthey shouldbe,whatcanalsobeseenin �gure 6.13,in particular
for theexamplesfor low taskdemand.
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Figure6.13:Predictionsof thelearnedregressionfunctionson testdata(dots)comparedtheir targets
(solid line) for all recordingsessionsandall experimentalsetups.The target valuefor taskdemand
level low is 1, for taskdemandlevel high it is 2.
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Figure6.14: Classi�cationaccuraciesfor taskdemandlevels low andhigh for all recordingsessions
andall experimentalsetups.
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SetupUD
Session rub SEub reg. fctn av. accuracy

(T1) 0.62 0.32 t = 0:48p + 0:83 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 0.56 t = 0:10p + 1:16 48%

SetupUI
Session rub SEub reg. fctn av. accuracy

(T1) 0.43 0.44 t = 0:20p + 1:23 70%
(T2) 0.70 0.31 t = 0:57p + 0:53 91%
(T3a) 0.71 0.51 t = 0:59p + 1:02 60%
(T4) 0.55 1.12 t = 1:07p � 0:62 75%

SetupSI
Session rub SEub reg. fctn av. accuracy

(T3a) 0.71 0.35 t = 0:38p + 0:98 96%
(T3b) 0.65 0.53 t = 0:21p + 0:86 50%

Table6.18:Correlationcoe� cientrub andsquarederror(SEub) for unbalanceddatasetsandlinearre-
gressionfunctionsbetweentargets(t) andpredictions(p)obtainedfor thedi� erentrecordingsessions
anddi� erentexperimentalsetups.In thelastcolumntheaverageclassi�cationaccuraciesareshown
for comparison.

We concludethat for all experimentalsetupsSVM-basedregressionfunctionestimationfor task
demandpredictionworkscomparatively well, althoughsinglerecordingsessionsexist wherenomore
thanchanceaccuracy is achieved (session(T4) for setupUD andsession(T3b) for setupSI). This
indicatesthat therearedatasetsfor which taskdemandcannot bepredictedwell with our methods,
at leastfor thebaselinesystemcon�guration.Next it is importantto remarkthatin many caseswhere
goodclassi�cationaccuraciesareachieved,thevariability of thepredictedvaluesis neverthelesslarge
andpredictionsoften do not matchtheir targetsvery well, what canbe seenfrom �gure 6.13. The
statisticalmeasurescharacterizingtheestimatedregressionfunctionscon�rm that�nding. Thisshows
thatin many casespredictionsof classlabelsarenotvery stableandthattheproblemof taskdemand
estimation,even when it is reducedto the problemof distinguishingtwo task demandlevels, still
remainsdi� cult.

Although it is importantto keepin mind that classi�cationaccuraciesarealwaysderived from
predictionsof regressionfunctionshere,experimentalresultsarereportedmostly in termsof accura-
ciesin the following. We believe that this measureprovidesthe bestoverview over changesof the
systemperformancewhendi� erentparametersarevaried.

6.2.5 Averaging

Also for thetaskdemanddatathee� ectof averagingoverthek previousfeaturevectorswasexamined.
Figure6.15shows thevalidationsetaccuraciesfor setupsUD andUI for di� erentvaluesof k.

Comparedto theuserstatedata(see�gure 6.4),improvementsachievedbyaveragingarerelatively
small. For setupUI thebestresultsareobserved for k = 2 in contrastto theexpectationthat results
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Figure6.15:Validationsetaccuraciesfor setupsUD andUI for di� erentvaluesof k.

k = 1 k = 2

UD 78% 82%
UI 75% 79%
SI 73% 73%

Table6.19:Resultsfor thedi� erentexperimentalsetupsobtainedfor thebaselinesystemcon�guration
(k = 1) andamodi�ed con�gurationwherea valueof k = 2 is chosenfor averaging.

increasewith increasingvaluesof k. Notehowever thatthevalidationsetaccuraciesfor thissetupare
only slightly above chance.Thereforeonehasto beextremelycarefulwith their interpretationandit
is possiblethattheaccuracy for k = 2 representsanoutlier.

Sinceaccuraciesdonot increasemuchwith increasingvaluesof k, all following experimentswere
conductedwith a valueof k = 2. This representsacompromisebetweenimprovementsin resultsand
the�e xibility of thesystemto reactsu� ciently fastto changesof taskdemand:For too largevalues
of k it is likely thattheprevioustaskdemandlevel is predictedfor a few moresecondswhenthelevel
of taskdemandchanges,sincedatarecordedsomesecondsagohasstill largein�uence onthecurrent
featurevector.

In table6.19onecanseethatconsiderableimprovementsof thetestsetaccuracies(whicharealso
signi�cant) canbe achieved for setupsUD andUI whenfor a valueof k = 2 is chosencompared
to thebaselinecon�guration wherek = 1. Interestinglyfor setupSI no improvementsat all canbe
observed.

Thelatterobservationandthefactthatthepotentialof averagingwaspossiblyunderestimatedon
thevalidationset,suggestthatperhapsdatasetsaretoo small(andthereforetoo little representative)
to make reliableinferencesaboutthepotentialof averagingfor thetaskdemanddata.Thesigni�cant
improvementsin resultswhenaveragingis appliedfor setupsUD andUI however, allow at leastthe
carefulstatementthataveraginghasapositive e� ecton theoverall systemperformance.

6.2.6 Normalization

Sincetheresultsobtainedwith normalizationmethodRelPower werefar below thoseobtainedwith
theothernormalizationmethodsfor theuserstatedata(seesection6.1.5),this methodis not applied
anymorefor thetaskdemanddata2. In table6.20theimpactof theothertwo normalizationmethods



6.2Assessmentof Mental TaskDemand 135

GlobalNorm UserNorm

UD 82% 73%
UI 79% 80%
SI 73% 87%

Table6.20: Resultsfor di� erentnormalizationmethodsfor the di� erentexperimentalsetups.The
accuraciesin the �rst columncorrespondto thoseshown in table6.19for an optimal valueof k for
averaging.

on overall resultsfor thetaskdemanddatais comparedfor all experimentalsetups.
Similar �ndings asfor the userstatedata(seetable6.4) canbe madehere. However for setup

UD resultsdrop muchstrongerhere,whennormalizationmethodUserNorm is usedinsteadof the
baselinemethodGlobalNorm. A reasonfor this might be, that the taskdemanddatatestsetsare
smallerthanthe userstatedatatestsets:Only two taskdemandlevels areconsideredin total, and
oftenlittle datapertaskdemandlevel is available(seealsosection5.3).Thereforemeanandvariance
canpossiblynot beestimatedreliably enoughon the testsetswhich hasto bedonehowever during
thenormalizationprocedureof methodUserNorm.

Theslight improvementsobservedfor setupUI whenusingnormalizationmethodUserNorm are
not signi�cant. They aremainly explainedwith anaccuracy improvementof 24%for session(T3a)
anda decreaseof 17% for the accuracy of session(T2). This indicatesthat separatenormalization
of the datafor eachrecordingsessiondoesnot necessarilyhave a goode� ecton resultsfor subject
dependentexperiments.A major reasonfor thedecreasein resultsfor session(T2) might beaswell
thedatasparsenessleadingto unreliablemeanandvarianceestimates.

For setupSI thestrongestimprovementsin resultsareachieved. This is in particulardueto im-
provementsfor session(T3b)from thechanceaccuracy of 50%to 85%.Sincedatafrom only two ses-
sionsfor this experimentalsetupis availablehowever, onehasto bevery carefulwith theconclusion
thattheapplicationof normalizationmethodUserNorm helpsto improve thesystemperformancefor
taskdemandpredictionacrosssessions.Theresultsobtainedheresupportthis hypothesis,but do not
provide strongevidencefor it.

Althoughnosigni�cant improvementscouldbeachievedwhenusingnormalizationmethodUser-
Norm insteadof methodGlobalNorm for setupsUI andSI this methodwasusedin the following
experimentsfor bothsetups,sincewe believe thatits applicationwould improve resultssigni�cantly,
whenmoredataperrecordingsessionwasavailablesothatmorereliablemeanandvarianceestimates
couldbeobtained.

6.2.7 FeatureReduction

Two featurereductionmethodswereinvestigatedfor thetaskdemanddata:Averagingover adjacent
frequency bands,henceforthreferredto asFreqAvg method(seesection4.3.1),andselectionof the
featureswhich arebestcorrelatedwith the target valuesto be predicted(seesection4.3.3). Back-
wardselectionwhich is ableto copebetterwith multi-collinearitiesthanthesimplecorrelation-based
method,cannot beappliedhere,sincethedimensionalityof theoriginal featurevectorsis too large
while trainingdatais sparse.Forwardselectionrequiresmuchmorecomputationthanthecorrelation-

2As explainedin section2.3.2.1theinformationaboutthetotalpowercontentof di� erentfeaturevectors(which is elim-
inatedwhenusingmethodRelPower), is particularlyimportantfor taskdemandprediction,sinceit seemsto becorrelated
directlywith thedegreeto whichmentalresourcesin a certaincortex region arerequired(seealso®gure2.26).
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Figure6.16:Validationsetaccuraciesfor setupsUD andUI whendi� erentbin sizesfor theFreqAvg
methodareused.Theoptimalsystemcon�guration for averagingandnormalization(asdetermined
in theprevioussections)wasusedfor bothsetups.

basedapproach,but it cannotbeshown thatis betterableto avoid theproblemof multi-collinearities
(seesection4.3.3).Thereforeit is notappliedhereaswell.

Figure6.16shows validationsetaccuracieswhenaveragingover a di� erentnumberof adjacent
frequency bandsis performed,i.e. whenadjacentfrequency bandsareputinto binsof di� erentsizesb,
for setupsUD andUI. A verysimilar tendency asalreadyobservedfor theuserstatedata(seesection
6.2.7)canbeseenhere:Accuracies�uctuate in acomparatively smallrangefor all bin sizesbetween1
and45andthey decreasestronglyonly for abin sizeof 90. Weconcludethatalsofor thetaskdemand
datatheinformationaboutthepowercontentof lowerandupperfrequenciesperelectrodeasawhole
seemsto besu� cient to obtainacceptablepredictions.Notethathereagainvalidationsetresultsfor
setupUI areonly slightly above chance.Thereforeonemustbecarefulwith their interpretation.

Figure6.17 shows validationset resultsfor the correlation-basedfeaturereductionmethodfor
setupsUD andUI. For setupUD resultsfor featurevectordimensionalitiesbelow 100aremuchbetter
thanthoseobtainedwith higherfeaturevectordimensionalitiesor evenwithout featurereduction,and
they do not dropevenwhenthenumberof featuresis reduceddown to 16. Only 16 features,i.e. one
featureper electrode,arealsousedfor a bin sizeof 90 for the FreqAvg method. Hereresultsdrop
stronglycomparedto largerfeaturevectorsizeswhichcanbeseenfrom �gure 6.16.

For setupUI no large changesin resultscanbe observed whenreducingthe featurevectordi-
mensionalitywith thecorrelation-basedmethod.However, alsofor this setupresultsdo not decrease
whenusingonly 16featuresareused,comparedto thecasewherethefeaturevectordimensionalityis
reducedto 16with theFreqAvg method.A reasonthatthecorrelation-basedmethodcannot improve
resultsfor this setupcouldbe(besidestheproblemof validationsetaccuraciescloseto chance),that
for di� erentsubjectsdi� erentfeatureshave the largestpredictive power (seealsotable6.22below).
Thereforethefeaturesselectedby thecorrelationbasedmethodarenot necessarilyhighly correlated
with thetargetsfor thetestdata,but with thetargetsof datafrom di� erentsubjectsin thetrainingset.

We concludethatthecorrelation-basedfeaturereductionmethodseemsmoresuitablefor feature
reductionthantheFreqAvg methodfor theproblemof taskdemandprediction.Notethaton thetask
demanddatafor setupUD even improvementsof resultscould be achieved whencorrelation-based
featurereductionwasperformed,in contrastto theuserstatedata,wherefor theapplicationof both
LDA (to setupUI) andthe FreqAvg method(to both setups)resultscould only be kept constantly
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Figure6.17:Validationsetaccuraciesfor correlation-basedfeaturereductionto di� erentfeaturevec-
tor dimensionalitiesfor setupsUD andsetupUI. Theoptimalsystemcon�gurationfor averagingand
normalization(asdeterminedin theprevioussections)wasusedfor bothsetups.

Figure6.18: Developmentof the standarddeviation over the validationsetaccuraciesobtainedfor
di� erentrecordingsessionsfor setupUD whenthenumberof featuresis reducedwith thecorrelation-
basedmethod.

whenreducingthefeaturevectordimensionality. Thatshows thatfor sessiondependentestimationof
taskdemandlinearfeaturereductionmethodsaresuitable.

ForsetupUD it is interestingtoobservetherelationbetweenthestandarddeviationovertheresults
from di� erentrecordingsessionsandthefeaturevectordimensionalitywhencorrelation-basedfeature
reductionis performed(see�gure 6.18): For a smallernumberof featuresthe standarddeviation
becomessmalleraswell. Accuracieswhicharealreadyhighfor a largerfeaturevectordimensionality
decreasea little (sessions(T1) and (T3a)), while previously low accuraciesincreaseconsiderably
(sessions(T2) and(T4)) for a reducednumberof features.This indicatesthat featurereductionis in
particularusefulwhenfor a high numberof featuresaccuraciesarelow. In thatcase,thecorrelation-
basedfeaturereductionmethodseemsto beableto sortout featureswhich introducea lot of noisein
thedata(apparentlymorethanSVMs couldcopewith) andwhosepresencein thefeaturevectorsis
thereforeharmfulto thepredictions.
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No featurereduction Corr.-basedfeat. reduc-
tion

UD 82% 92%(80 features)
UI 80% 77%(240features)
SI 87% 61%(240features)

Table6.21:Resultsobtainedfor featurereductionwith thecorrelation-basedmethodfor thedi� erent
experimentalsetupscomparedto theresultsobtainedwithout featurereduction.In bracesthenumber
of usedfeaturesfor eachsetupis given. Resultsfor the particularsetupsarealwaysachieved with
theiroptimalsystemcon�gurationfor averagingandnormalization.

Table6.21compares�nally thetestsetresultsobtainedwithoutfeaturereductionto thoseobtained
usingcorrelation-basedfeaturereductionmethod.Basedonthevalidationsetresultsfrom �gure 6.17
a featurevectordimensionalityof 80 wasdeterminedfor setupUD. For setupUI we arguedabove
thatthefeaturesselectedon thetrainingdataarenot necessarilythebestcorrelatedfeatureswith the
targetvaluesof thetestdata.Thereforewedecidedto allow a threetimeslargerfeaturevectorsizeof
240for thissetupto increasethechancethatalsofeatureswith highpredictive power for thetestdata
areincluded.This featurevectorsizewasalsochosenfor setupSI.

While accuraciesfor setupUD increaseby 10%, a decreaseof resultsfor the othersetupscan
beobserved,althougha larger featurevectorsizewasallowedhere.Themostlikely reasonfor that
is that featureswith the largestpredictive power for the testsetsarestill not includedin the feature
vectors.Thisshows thatfeatureswhicharesuitablefor thepredictionof taskdemandseemto di� era
lot acrosssubjectsandevenacrosssessions.

For setupUD wherecorrelation-basedfeaturereductionyieldsimprovementsin results,it is inter-
estingto analyzewhich featuresareselectedfor thedi� erentrecordingsessions,i.e. for thedi� erent
subjects. In table 6.22 for eachsessionthe numberof featuresselectedper electrodechannelis
shown. No commonalitiesfor all recordingsessionscanbefound,howeversomesimilaritiesbetween
two pairsof sessionsarenoteworthy. For recordingsessions(T1) and(T2) electrodeT4 hasa large
importance,althoughthepre-frontalelectrodesFp1andFp2playanevenmoreimportantrole in case
of recordingsession(T1). For session(T2) only for electrodeFp2somemorefeaturesthanfor other
electrodesareselected,but the largestnumberof featuresis still taken from electrodeT4. Record-
ing sessions(T3a)and(T4) sharethe importanceof electrodeO1. While for session(T3a) thedata
from O1only is su� cientto makegoodpredictionshowever, for session(T4) alsothefrontalandthe
fronto-temporalcortex playsanimportantrole.

We concludethat featureswhich are most correlatedwith task demandare generallysubject-
speci�c, althoughthereareremarkablesimilaritiesat leastbetweengroupsof subjects.On theother
handone�nds for setupSI that therearelittle similaritiesbetweenthe featuresselectedfor the two
sessionsrecordedfrom thesamesubject((T3a)and(T3b)). While for (T3a)all 80 featuresarechosen
from electrodeO1 asshown above, the fronto-temporalcortex andthe parietalcortex arepreferred
for session(T3b). Thereforeit seemsthattheselectedfeaturesarenot (or not only) subject-speci�c,
but possiblyalso task-speci�c. This becomesclearwhenconsideringthat di� erenttypesof men-
tal resourcesarerequiredwhendi� erentpresentationsaregiven to onesubject. While during one
presentationmathematicalreasoningmight bemoreimportant,for anotheronetheunderstandingof
sketchesandvisualperceptioncouldberequired.Naturally, in bothcasesthecorrelatesof di� erent
taskdemandlevelsareobserved 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 O1 O2

(T1) 36 13 3 0 3 0 1 1 12 0 6 1 1 3 0 0
(T2) 2 9 0 2 1 0 2 2 59 3 0 0 0 0 0 0
(T3a) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 80 0
(T4) 0 6 4 8 5 4 5 5 6 1 3 1 5 3 21 3

Table6.22: Numberof featuresselectedper electrodefor the di� erentrecordingsessionsof setup
UD, whencorrelationbasedreductionto 80 featuresis performed.

SVMregress OLS-Regression

UD 92% 79%
UI 77% 77%
SI 61% 70%

Table6.23:Comparisonof resultsachievedby regressionSVMsandOLS-regressionfor thedi� erent
experimentalsetups.For all setupsthefeaturevectordimensionalityis reducedwith thecorrelation-
basedmethodto thevaluesshown in table6.17for this method.

Theanalysisof theselectedfrequency bandsfor featurereductionto 80 featuresfor the record-
ing sessionsof setupUD reveals,thatmostly frequency bandsabove 20Hzarepreferred,exceptfor
session(T3a)wherealmostall frequency bandsfrom electrodeO1 arechosen.This agreeswith the
hypothesisfrom section2.3.2.1that in particularhigh frequentEEG activity is a goodcorrelateof
taskdemand.

For a comparatively small featurevectordimensionalityit becomes�nally possibleto examine
the performanceof OLS-regressionfor the predictionof taskdemand.Table6.23comparesthe re-
sults obtainedwith regressionSVMs to thoseobtainedusing OLS-regressionfor a featurevector
dimensionalityof 80. Interestinglyonly theresultsfor setupUD seemto con�rm thehypothesisfrom
section4.5.3thatregressionSVMs performbetterthanOLS-regression,sincethelattermethoddoes
not performany regularizationto minimizetheacualerror insteadof thetrainingseterror. For setup
SI theapplicationof OLS-regressionimprovesresultsevenby 10%.Thereasonfor this is theaverage
accuracy obtainedwith a regressionSVM for session(T3b) of 26% (which is far below chance)is
increasedto 79%usingOLS-regression.Much deeperanalysisof thedatafrom sessions(T3a)and
(T3b)wouldprobablyberequiredto understandthedi� erencesin resultsobtainedwith bothmethods.

6.2.8 Combination of Two Subjective TaskDemandEvaluations

In section5.3it wasmentionedthatsomesubjectsevaluatedthetaskdemandthey experiencedduring
theperceptionof thepresentationtwice. Thesetwo evaluationswerethenusedto createthethreedata
partitioningsEval1, Eval2 andEvalCombined. In this sectiontheresultsfrom experimentswith all
threedatapartitioningsarereportedanddiscussedin orderto analyzethefollowing issues:

1. Is systemperformancebetterfor partitioningEval1 or Eval2? With this question,we want to
�nd out whethersubjectsarestill ableto estimatetheir taskdemandwhile they weregiventhe
presentationsomedaysor evenweeksafter theactualpresentation.

2. Do resultsimprovewhenusingpartitioningEvalCombined? Herewewantto examinewhether
in the datafrom partitioningEvalCombined (which containsthe overlappingtime segments
from both evaluations)only thosetime segmentsare includedfor which di� erencesin task
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Session Eval1 Eval2 EvalCombined

(T2) 88% 78% 72%
(T3b) 48% 57% 57%
(T4) 98% 91% 90%
(T6) 55% 92% 70%
Mean 72% 79% 72%

Table6.24:Averageaccuraciesfor thedi� erentrecordingsessionsandmeansoverall sessionsfor data
partitioningsEval1, Eval2 andEvalCombined. ResultswereobtainedusingexperimentalsetupUD
for which theoptimalparametersfor averaging,normalizationandfeaturereduction(asdetermined
in theprevioussections)werechosen.

demandareparticularlypronounced,sincetime segmentsfor which subjectswereunsurehow
to evaluatethemareprobablyremovedin thispartitioning.

Table6.24shows the averageaccuraciesfor the di� erentrecordingsessions(for sessions(T2),
(T3b), (T4) and(T6) two taskdemandevaluationsareavailable)andthemeanover all sessionsfor
partitioningsEval1, Eval2 andEvalCombined. ResultsareobtainedusingexperimentalsetupUD.
Onecanseethat in averagebetterresultsareachieved for partitioningEval1 comparedto partition-
ing Eval2. In particularthe resultsfor sessions(T3b) and(T6) which arebelow or closeto chance
accuracy for partitioningEval1 improve whenusingpartitioningEval2, while resultsfor sessions
(T2) and(T4) drop. Thedi� erenceof themeanaccuraciesover all recordingsessionsbetweenboth
partitioningsis not signi�cant.

We concludethatevensomeweeksafter theactualperceptionof thepresentationsubjectswere
still ableto giveestimatesof their taskdemandduringtheinitial perceptionof thepresentationwhich
arecorrelatedwith theirEEG.Thisseemssurprisingwhenthepooroverlapbetweenbothevaluations
(seetable5.4) is considered.On theotherhandit mustbetaken into accounthowever thatbetween
bothevaluationsmostlyhightaskdemandandoverloador low taskdemandandmediumtaskdemand
wereconfused(see�gure 5.7) andthat mediumtaskdemandandoverloadarenot consideredhere
for prediction. Thus the time segmentsbelongingto task demandlevels low and high for which
predictionsaremade,virtually donotoverlapbetweenbothpartitionings,sothatit becomesplausible
againthatacceptableresultsareobtainedfor bothpartitionings.

For thepartitioningEvalCombined betterresultswereexpectedbecauseof theabove explained
hypothesis.However it is importantto notethat theamountof availabledatadecreaseswhencom-
bining both evaluations(seealso5.4) which might explain that resultsdo not improve comparedto
partitioningEval1 or Eval2. Neverthelessaccuraciesfor all sessionsarebettercomparedto those
obtainedwhenusingpartitioningEval1.

6.2.9 ElectrodeReduction

Also for the taskdemanddataexperimentswith a reducedsetof electrodeswereconducted.Table
6.25comparesresultsobtainedfor setupUD with thoseobtainedfor setupsHB andUD4, wheredata
is taken only from the four pre-frontalandfrontal electrodeswhich arealsousedfor the headband
recordings. When the data from four electrodesonly was usedfor prediction, the applicationof
featurereductioncouldnot improve results.Thereforealsofor setupUD theresultsobtainedwithout
featurereductionaredisplayedin table6.25for bettercomparability.



6.2Assessmentof Mental TaskDemand 141

SetupUD

Session

(T1) 93%
(T2) 79%
(T3a) 100%
(T4) 57%
Mean 82%

SetupUD4

Session

(T1) 91%
(T2) 48%
(T3a) 86%
(T4) 50%
Mean 69%

SetupHB

Session

(T7) 89%
(T8) 49%
Mean 69%

Table6.25: Accuraciesfor the di� erentrecordingsessionsandmeansover all sessionsfor setups
HB, UDandUD4. In all casesthesystemis con�guredoptimally accordingto the�ndings from the
previoussections.Only featurereductionis notperformed.

Setup

Averaging
(valueof
kopt)

Normalization
method

Feature
Reduction

UD kopt = 2 GlobalNorm correlation-
based
feature re-
duction to
80 features

UI kopt = 2 UserNorm none
SI kopt = 2 UserNorm none

Table6.26:Parametersof thebestsystemcon�gurationfor setupsUD, SI andUI.

As expected,accuraciesdropwhenusingonly four pre-frontalandfrontalelectrodesinsteadof all
16,however they arestill clearlyabove chance.Furthermoretherearelarge�uctuationsbetweenthe
resultsfor di� erentrecordingsessionsfor setupsHB andUD4 �For bothsetupsfor half of thesessions
resultsarein thesamerangeasfor setupUD, while for therestaccuraciesarenotbetterthanchance.
Thereasonfor these�uctuationsis possiblythesameasabove whereit wasattemptedto explain that
acrosssubjectsandsessionsdi� erentfeaturesareselected(section6.2.7): Only for a certaingroup
of subjectsor a certaintypetaskto beexecuted,thementalresourcesrequiredprimarily during task
executionproducean EEG which canbe measuredusingno morethanfour pre-frontalandfrontal
electrodes.

6.2.10 Analysisof BestSystemCon�guration

In thissectionthebestsystemcon�gurationfor eachexperimentalsetupis summarized.In table6.26
for all processingstepsandall experimentalsetupstheparametersaredisplayedwhich leadfor each
processingstepto the largestperformancegain. Table6.27shows the improvementsin resultsfor
eachprocessingstepwhentheoptimalparametersfor this steparechosen.All resultsareachieved
with theregressionversionof a linearSVM.

Notethatartifactremoval is notconsideredin tables6.26and6.27,sinceneithervisualinspection
basednor cross-validationbasedrejectionof independentcomponentscould improve resultsfor the
taskdemanddata.Besidestheabove mentionedproblemthat ICA weightmatricesgeneralizebadly
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Setup Baseline Averaging Normalization Feature Re-
duction

UD 78%
82%
� abs = 4%
� rel = 19%

-
92%
� abs = 10%
� rel = 56%

UI 74%
79%
� abs = 5%
� rel = 17%

80%
� abs = 1%
� rel = 12%

-

SI 73%
73%
� abs = 0%
� rel = 0%

87%
� abs = 24%
� rel = 89%

-

Table 6.27: Accuracies,absolute(� abs) and relative improvements(� rel) obtainedfor setupsUD,
UI andSI whenfor thedi� erentprocessingstepstheoptimalparametercon�guration is chosen.A
dashindicatesthatno improvementscouldbeachievedby changingthebaselinecon�gurationfor the
correspondingprocessingstep.

for unseendata(seesection6.1.6),oneexplanationfor this �nding could be that the eye-blink fre-
quency is possiblycorrelatedwith taskdemand,sothateye activity informationis potentiallyhelpful
for taskdemandestimation.Furtherresearchis requiredhowever to �nd evidencefor or againstthis
hypothesis.Sincealsocross-validationbasedcomponentrejectionwasnot ableto improve results,
it seemsthatotherprocesseswhich aredetrimentalto thesystemperformance(asin caseof theuser
statedata)donotexist for thetaskdemanddata,or they cannotbeisolatedproperlyusingICA.

It canbeseenfrom table6.27thatsimilarly to theuserstatedata,alsofor the taskdemanddata
resultscanbe improved for setupsUI andSI whenusingnormalizationmethodUserNorm instead
of thebaselinemethodGlobalNorm. Largerimprovementsfor setupUI would bepossiblyachieved
whenmoredataper recordingsessionswasavailableso thatmeansandvariancespersessioncould
be estimatedmore reliably. The large gainsfor setupSI are due to very large improvementsfor
onerecordingsession.Sinceresultsfor this setupareonly reportedasaveragesover two recording
sessions,onehasto beverycarefulwith their interpretation.

Correlation-basedfeaturereductionyields improvementsin resultsonly for setupUD. For the
othertwo setupsthisfeaturereductionmethodwouldperhapsbeapplicableaswell, if more(or better)
validationdatawasavailableto estimatean appropriatefeaturevectordimensionality. This dimen-
sionality is likely to bemuchlarger than240,which is thefeaturevectorsizefor which experiments
on the testsetsof setupsUI andSI wereconducted.Averagingover adjacentfrequency bandscan
probablybeperformedfor all setupsto keepresultsconstantwith a smallernumberof features(see
also�gure 6.16),sothatlessmemoryandcomputationaltime is requiredfor trainingandtesting.

Figure6.19 �nally comparesthe accuraciesfor all recordingsessionsof all setupswhich were
obtainedwith thebaselinesystemandwith thebestsystemcon�guration.

For all threesetupsit canbe seen,that oftenaccuracieswhich arealreadyhigh for thebaseline
systemdropslightly whenthebestsystemcon�gurationis used,while accuracieswhicharevery low
for thebaselinesystemincreasemoreor lessstrongly. Thusnotonly theaverageaccuracy overall ses-
sionsis improvedwhenusingthebestsystemcon�guration,but thatalso�uctuationsacrossrecording
sessionsarereduced.Thatsuggeststhattherisk to obtainextremelybadpredictionsdecreases,when
usingthebestsystemcon�gurationinsteadof thebaselinesystem.Notehowever thatmuchmoredata
shouldbeanalyzedto beableto provide strongerevidencefor or againstthis hypothesis.
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SetupUD

SetupUI

SetupSI

Figure6.19: Comparisonof theaccuraciesfor thedi� erentrecordingsessionsbetweenthebaseline
systemandthebestsystemfor all experimentalsetups.



Chapter 7

Conclusionsand Futur eWork

In thisthesisasystemfor theidenti�cation of userstatesandtheassessmentof mentaltaskdemandus-
ing electroencephalographic datahasbeenproposed.For thediscriminationof theuserstatesresting,
listening,perceiving apresentation,readinganarticlein amagazine,summarizingthereadarticleand
performingarithmeticoperations,classi�cationaccuraciesof 94.9%in sessionandsubjectdependent
experiments,58.9%in subjectindependentexperimentsand62.7%in subjectdependentbut session
independentexperimentscouldbeobtained.For thepredictionof low andhigh taskdemandduring
theperceptionof a presentationaccuraciesof 92.2%in sessionandsubjectdependentexperiements,
80.0%in subjectindependentexperimentsand87.1%in subjectdependentbut sessionindependent
experimentswereachieved.

Potential�elds of applicationfor the proposedsystemaremeeting,lectureor o� ce scenarios,
whereinteractionbetweenusersandmobile communicationdevicesor face-to-facecommunication
betweenpersonscanbe improved, wheninformationaboutuserstateandtaskdemandis available
(seesection1.2). In section1.1severalgoalswereformulatedwhich mustbeful�lled to make EEG
recordingandEEG dataprocessingpracticalfor the mentioned�elds of applications. Below it is
summarizedin how fareachof thesegoalscouldbemetby theresearchwork describedin this thesis:

� Robustness: For subjectandsessiondependentexperimentsaccuraciesobtainedfor userstate
identi�cation andtaskdemandestimationarebothabove90%.Sincetheseresultswereachieved
whenno attemptwasmadeto remove artifactsfrom the data,which usuallyoccurvery fre-
quently when recordingEEG undernon-clinical conditions,it seemsthat artifacts have no
strongnegative in�uence on theoverall systemperformance.ICA-basedartifact removal was
only partiallysuccessful.While therejectionof thosecomponentscontainingeyeactivity could
not improve results,small but signi�cant improvementswereachieved whencross-validation
wasappliedto identify thosecomponentswhich aremostdetrimentalto classi�cationaccura-
cies. A generalproblemof theICA algorithmusedhereseemedto bethatweightslearnedon
trainingdatado not generalizewell for unseendata.Besidesthat therobustnessof thesystem
towardsthevariability acrosssessionsandsubjectsmustbeincreased,sinceresultsachievedin
sessionor subjectindependentexperimentsarefarbelow thoseobtainedfor sessionandsubject
dependentexperiments(at leastfor theuserstatedata).

� Acceptability: In experimentswith theheadbandfor EEGrecording(seesection5.1 for more
detailsaboutthis recordingdevice) it wasshown thatuserstateidenti�cation andtaskdemand
assessmentis possiblewith four electrodesover thepre-frontalandfrontal cortex only. These
aresuitableelectrodepositionsfor EEGrecordingin meeting,lectureor o� cescenarios,since
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electrodesareeasyto attach,no conductive pastegetsin contactwith the user's hair andthe
datarecordedfrom theseelectrodesis su� cientto obtainacceptableuserstateandtaskdemand
predictionsin many cases. In the future betterpositionsfor electrodeattachmentshouldbe
investigated.For instancethey couldbemountedon a glassesframeor attachedbehindtheear
lobes. Thusmorecortex regionswould be coveredcomparedto the headbandwhich records
signalsfrom pre-frontalandfrontal cortex regionsonly. Furthermoreelectrodesat theseposi-
tionsarelessvisiblewhichmight increasetheuser's readinessto wearthem.

� Real Time Behavior: On a 800 MHz Pentium-3laptoppreprocessingof raw EEG dataand
predictionof userstatestakesaboutonesecondfor morethan100examples(whichcorresponds
to 100secondsof data)andmuchlessthanonesecondfor � veexamplesusingaMATLAB TM-
basedimplementationof all algorithms1. The predictionof task demandrequireseven less
time. With the prototypesystem(seesection6.1.10)it hasbeendemonstratedthat userstate
predictionis possiblein realtime.

� Realistic Scenarios: The scenariosusedfor the datacollectionandfor the experimentswith
theprototypesystemarevery di� erentfrom thehighly controlledrecordingconditionswhich
mustbe ful�lled for clinical EEG recording. On the otherhandthe proposedsystemhasnot
beentestedyet in a real meetingor lectureor during realistico� ce work. This is however a
very essentialstepwhich shouldbe madesoon. Furthermoretheusers'realneedsduring the
scenarioswe areaiming at shouldbe investigatedmore,and it shouldbe examinedwhether
EEGrecordingduringsuchscenariosis acceptablefor usersin general.

We concludethat all formulatedgoalshaven beenrealizedat leastpartly during the research
describedin this thesis,which we considerto be completelysatisfactory, sinceno previous attempt
towardsEEG-basedidenti�cation of userstatesandassessmentof taskdemandin meeting,lectureor
o� cescenarioshasbeenmade.Besidestheabove mentionedtasksto beaccomplished,thereremain
alsosomeotherissuesto beconsideredin futureresearch:

� Muchmoredatashouldbecollected,in particulartaskdemanddata,to beableto makemorere-
liable inferencesaboutthesystembehavior whenoptimizingits parameters.Also otherrecord-
ing setupsshouldbe tested(i.e. other userstatesor other taskswhich evoke di� erent task
demandlevels) in orderto learnmoreaboutthepotentialandthelimits of theproposedmeth-
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 arethemostmeaningfulfeaturesto beextracted.This doesnot necessarilyhave
to be the frequency contentof the signalswhich canbe obtainedusinga Fourier transform.
Frequency-basedsignalrepresentationsusingwaveletsor featureswhichareextractedfrom the
timesignal(in thesimplestcasethetimesignalitself and/or its 'derivative', i.e. its slope)could
beinvestigatedfor example.

� For many processingstepstheapplicationof moresophisticatedmethodsshouldbeexamined.
This includestheuseof morerobustmethodsto estimatethefrequency spectrumof thesignals,

1In the MATLAB TM implementationANNs are usedfor classi®cation,sinceno suitableSVM implementationfor
MATLAB TM wasavailable. The SVMlight software [Joachims,1999] which wasusedfor SVM-basedclassi®cationand
regressionusuallyrequiresabout1=100th of a secondto make predictionsfor a few hundredexamplesof userstateor task
demanddata,whenthelearnedmodelis alreadyin memory.
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e.g.autoregressive models,theinvestigationof featureselectiontechniqueswhichdonot imply
a linearstructureof thedataand�nally theapplicationof non-linearSVMs.

At the end of this work it shall be pointedout that we believe in the large potentialof EEG
to obtain informationaboutuserstateand taskdemand.Suchinformation is extremelyuseful for
theconstructionof attentive userinterfaceswhich adaptthemselvesto thewishesandneedsof their
owners.Furthermoreinferencesabouthow peopleinteractandcommunicatewith eachothercanbe
madeusinginformationfrom theEEG.Thelargestchallengefor practicalapplicationsof theproposed
methodologyin the future remainshowever to minimize the disturbanceof userswho wearmobile
EEGrecordingdevices,while maximizingthebene�t of thesedevices.
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