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ABSTRACT

Electroencephalographicdatamodelingiswidelyusedindevelopingapplicationsin theareasof
healthcare,aswellasbrain-computerinterface.Oneparticularstudyistousemeditationresearch
toreachouttothehigh-endapplicationsofEEGdataanalysisinunderstandinghumanbrainstates
andassistinginpromotinghumanhealthcare.Theanalysisofthesestatescouldbetheinitialstepin
aprocesstofirstpredictandlaterallowindividualstocontrolthesestates.Tothisend,theauthors
begintobuildasystemfordynamicbrainstateanalysisusingEEGdata.Thesystemallowsusersto
transitEEGdatatoanonlinedatabasethroughmobiledevices,interactwiththewebserverthrough
webinterface,andgetfeedbackfromEEGdataanalysisprogramsonreal-timebases.Themodels
performself-adjustingbasedonthedatasetsavailableinthedatabase.Experimentalresultsobtained
fromvariousmachine-learningalgorithmsindicategreatpotentialinrecognizinguser’sbrainstatewith
highaccuracy.Thismethodwillbeusefulinquick-prototypingonsitebrainstatesfeedbacksystems.

KEywoRDS
Brain-Computer Interface, Data Analysis, Dynamic Self-Adjusting Modeling, Electroencephalographic Analysis, 
Web Interface

INTRoDUCTIoN

Using electroencephalographic (EEG) data, cognitive psychologists can visualize and observe
correlationsbetweendifferentactivebrainstates.Itisdesirabletocreateanapplicationthattakes
EEGdataandexposesittovariousanalyticaltechniquessotheresultantbrainstatescanbestudied
andpredicted.Wepresentexplanationsofthedesignandimplementationofferedherein.

AnEEGdevicecanrecordtheelectricsignalsfromahumanscalp.EEGdevicesusedtobeonly
availableinprofessionalhealthcareinstitutionsforclinicuse.Lastdecadewitnessedthedevelopment
ofcheapEEGdevices,forexample,EPOCfromEmotiv(http://www.emotiv.com)andNeuroSky
(http://www.neurosky.com/),andincreasinginterestinEEGbasedbrain-computerinterfaces(BCI).
EEGsignalscharacterizetheresultoftheneuronactivitiesinsideofahumanbrain.Naturally,they
areusedtostudyandunderstandhumanbrainactivities. Inparticular,EEGsignals indicate that
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neuralpatternsofmeaningsineachbrainoccurintrajectoriesofdiscretesteps,whisttheamplitude
modulationinEEGwaveisthemodeofexpressingmeanings(Freeman,2000).Zhouetal(2008)
haveproposedsomenovelfeaturesforEEGsignalstobeusedinbrain-computerinterface(BCI)
systemtoclassifyleftandrighthandmotorimagery.Theexperimentalresultshaveshownthatbased
ontheproposedfeatures,theclassifiersusinglineardiscriminantanalysis,supportvectormachines
andneuralnetworkachievebetterclassificationperformancethantheBCI-competition2003winner
onthesamedatasetintermsofthecriteriaofeithermutualinformationormisclassificationrate.
Dressleretalstudiedtheanaestheticsonthebrainandthelevelofsedation(Dressleretal,2004).
Linetal(2010)studiedthechangeofhumanemotionduringmusiclisteningthroughEEGsignals.

ThevastimplicationsofusingEEGdatatoanalyzebrainstatesincludedesigningbrain-computer
interfaces(BCI)whereuserscanoperateonamachineviabrainactivities,andusingbrainstatemodels
inhealthcarerelatedactivities.Asanexample,wepresentacasestudyintranscendentalmeditation
(Schreiberetal,2017),aspiritualdevelopmenttechnique,whichwaspopularizedbyformerHindu
asceticMharishiMaheshYogiandgainedpopularityinthewestduringthe1960’s(Holzeletal,2010).
Theconcurrentbrainstatesassociatedwithtranscendentalmeditationhavebeenviewedassomething
outsideoftheworldofphysicalmeasurementandobjectiveevaluationbymostscientificcommunities.
Scientistsnowhavetheabilitytomeasureandregisterelectricpotentialofthehumanbrainthrough
theuseofelectroencephalographictechnologies.Oneapproachistostudyfinitedifferenceswithinthe
mindsofthosepracticingmeditation,andthosewhodonot.Suchanendeavorisanavenuetowards
modelingawiderangeofbrainstates(Lin,2010).Thecombinationofelectroencephalographicdata
withmodelingmethodsinfieldssuchasdataminingandbioinformaticscouldbeusedtoprovethat
subjectsinastateoftranscendentalmeditationareinaverifiableandobservablestateofmindthat
canbemonitoredandpredicted(Schreiberetal,2017).Experimentsfoundthatcancerpatientsthat
practicedmeditationexperiencedhigherwell-beinglevels,bettercognitivefunctionandlowerlevels
ofinflammationthanacontrolgroup(Ohetal,2009).

Therefore, a platform for comprehensive EEG data storage and processing is desirable to
promotingapplicationsofusingEEGtoolsinbothphysiological(e.g.,clinicaluses,sleepevaluation,
fatiguedetection,etc.)andpsychological (cognitivesciences,BCI,etc.)scopes.Suchaplatform
consistsofEEGdatacollectiondevices(viz.,EEGheadset),communicationchannels(e.g.,smart
phones),awebserverthatprovidesawebinterfaceforuserstoaccessstoredEEGdataandactivate
dataanalysisalgorithms,andanonlinedatabaseforEEGdatastorageandprocessing(Subediet
al,2016).Thesystemprovidesfunctionalitiesindatatransitionandstorage,datavisualization,and
real-timedataanalysisviaawebuserinterface.Experimentalresultsobtainedbyapplyingvarious
machine learningalgorithms, includingk-nearestneighbor, linear regression, and supportvector
machine, to accumulated EEG data sets in the database returned promising results with correct
recognitionratesashighas90%.

EXISTING woRKS

Acursorylookintothetopicrevealedawealthofinformation,muchtheoreticalandlimitedtolarge
governmentorganizationsandresearchfacilitieswithhugebudgets.Forinstance,thegovernment
has a program called the “Brain Research through Advancing Innovative Neurotechnologies™
(BRAIN)”.Thewebsitestatesthefollowing:“TheBrainResearchthroughAdvancingInnovative
Neurotechnologies™(BRAIN)InitiativeispartofanewPresidentialfocusaimedatrevolutionizing
ourunderstandingofthehumanbrain.Byacceleratingthedevelopmentandapplicationofinnovative
technologies,researcherswillbeabletoproducearevolutionarynewdynamicpictureofthebrain
that,forthefirsttime,showshowindividualcellsandcomplexneuralcircuitsinteractinbothtimeand
space.Longdesiredbyresearchersseekingnewwaystotreat,cure,andevenpreventbraindisorders,
thispicturewillfillmajorgapsinourcurrentknowledgeandprovideunprecedentedopportunities
forexploringexactlyhowthebrainenablesthehumanbodytorecord,process,utilize,store,and
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retrievevastquantitiesofinformation,allatthespeedofthought”.Thesiteevencontainsfunding
opportunities for companies and research facilities to participate and contribute to the program.
Examplessuchasthiscanbefoundinabundanceandwhatquicklybecomesapparentisthatthere
isathirstformoreknowledgeaboutthehumanbrainandhowitworks.

VerylittleinformationexistsinthehobbyandhomespaceforEEGdevices.Organizationssuch
asOpenEEGandOpenBCIareavailableandfacilitatetheinformationsharingamongsthobbyists
andattempttoinformthegeneralpublicaboutthesubjectofgatheringbrainwavedata.Companies
likeNeuroSkyandEmotivesellheadsetEEGdevicesandprovidesoftwaredevelopmentkits(SDK)
thatincludethetoolsnecessarytogatherbrainwavedata,butarelimitedtoonlyreadingbrainwaves.
Inresearchperspectives,thereisstillspacetogathermoreinformation,tohaveanenhanceddata
model,andseeadditionaldependencieswhilethebrainperformsorreactstospecifictasks.

Onthebrainstatemodelingside,twotypesofresearchmodelshavebeenused:statisticalmodels
andmicromodels.Statisticsmodelsarebuiltbyapplyingstatisticalanalysistocollecteddatafrom
meditationpractitioners,whilemicromodelstrytocatchphysiologicalfeaturesofthebrainstateunder
examination.Currentliteraturesshowthatbothmethodsareusedinthestudyofcomplementaryand
alternativemedicine,whichincludesmeditationasoneofthemethods.Loizzoetal(2010)performed
a20-weekcontemplativeself-healingprogramstudy,whichshowedthatacontemplativeself-healing
programcanbeeffectiveinsignificantlyreducingdistressanddisabilityamongthetesters.Habermann
etal(2009)ontheotherhand,performedalong-term(5-20years)projecttoinvestigatetheuseof
complementaryandalternativemedicineanditseffectsonthetesters’health.Comparisonsacross
differentgroupsofpeoplearealsofound.Forexample,ina6-weekmindfulness-basedstressreduction
program,subjectsassignedtotheprogramdemonstratedsignificantimprovementsinpsychological
statusandqualityoflifecomparedwithusualcare(Lengacheretal,2009).Anothercomparisonis
foundwhereagroupofQigongpractitionerswerecomparedtoacontrolgroupandpositiveindicators
werefoundinthestudy(Ohetal,2008).ArecentworkthatemploysEEGdatainbraindisorder
diagnosisisasystematicperformanceevaluationoftheoptimumpathforest(OPF)classifierwhen
copingwiththetaskofepilepsydiagnosisdirectlythroughEEGsignalanalysis(Nunesetal,2014),
whichreported89.2%asaverageaccuracyscoresachievedbytheOPFclassifierwhenconfigured
withCoifletsasfeatureextractors.

Asurveyoftheliteratureoncognitiveimpairmentandcancerpresentedin(Biegleretal,2009)
suggeststhatmeditationmayhelpimprovecancer-relatedcognitivedysfunctionandalleviateother
cancer-relatedsequelae.Itiswellunderstoodthatalthoughstatisticalstudiescanprovideevidence
fortheeffectivenessofmeditation,itfailstoprovideasystematicviewofhuman’sepistemology
andpsychology.Thisaddressestheneedsformicromodelsthatdepicttheinter-relationshipbetween
human’smindandphysicalbody(Lietal,2015a).Toaccuratelyandobjectivelyrecordmoodswhen
oneispracticingmeditation,weseekasolutionwhichcouldobjectivelymeasuretheeffectivenessof
meditationinrealtime(Lin,2010;Lietal,2015b).Suchwork,whenappliedtoreallife,couldhelp
developproceduresthataimathealingcertainapplicabletypesofmentaldiseaseswithcalibrating
meanstoensureefficacy.

Inthefollowingsections,wewilldescribeaprototypingEEGheadsetwebuiltfordatacollection,
theonlinesystemfordatastorageandprocessing,andthewebinterfacethroughwhichuserscan
interactwiththeonlinedatabaseandperformdynamicdataanalysisandmodeling.Intheend,asa
showcaseoftheusefulnessofthedynamicmodelingsystem,wepresentasimpledynamicmodel
forasetofselectedbrainstates,includingmeditation.

A PRoToTyPING EEG HEADSET

WebrieflydescribehowasimpleEEGheadsetcanbebuiltusingopensourcematerials.Theprototype
multi-functionalheadsetwebuiltconsistsofanEEGsensor,apulsesensor,atemperaturesensor,a
microprocessor,andamicroprocessorbluetoothshield.
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1. EEGsensor,commercialproductfromNeuroSky.TheNeuroSkytechnologywaschosenforits
drysensorscapabilities.Thismeansthatthesensorrequiresnospecialliquidchemicalswhile
makingcontactwiththeskintoreadbrainwaves.

2. PulseSensor,OpenSourcepulsesensorfrompulsesensor.com.Thepulsesensorisacurrentto
voltageconverterOpAmpcircuitthatusesaphotodiodeascurrentsource.IthasaLowPass
Filterforoutput.

3. Temperaturesensor,commercialintegratedcircuitsensor,TMP36-AnalogTemperaturesensor
fromAdafruit.TheTMP36temperaturesensorisasolidstatedevice.Meaningitdoesnotuse
mercury.Instead,itusesthefactthatastemperatureincreases,thevoltageacrossadiodeincreases
ataknownrate.Bypreciselyamplifyingthevoltagechange,itiseasytogenerateananalog
signalthatisdirectlyproportionaltotemperature.

4. Microprocessor:ArduinoMega2560,OpenSource.
5. MicroprocessorBlueToothShield:BluetoothLowEnergy (BLE)Shield fromredbear.com.

AddedtotheArduinoforlowenergybluetoothcommunicationswiththeiPhone.

TheassembledheadsetisshowninFigure1,wherethe3sensorsaremountedonthetipsof3
legsintheforehead,themicroprocessorandthemicroprocessorbluetoothshieldaremountedon
theback,andtheearlobeisusedasthebaseoftheEEGsensor.

Inordertotestandvalidatethattheheadsetisworkingproperlyandthatall thesensorsare
functioning,atestenvironmenthadtobeconstructed.Tosimulatearealworldenvironment,amobile
SmartPhoneapplicationwasdevelopedontheAppleiPhoneplatform.Thisplatformwaschosenfor
easeofaccesstodevelopmenttoolsandavailabilityofsoftwaredevelopmentkits(SDK)fromallthe
hardwareandchipsetvendors.BothNeuroSkyandRedBearLabsincludedsampleapplicationsthat
weretheneasilytransferredtoacustomapplicationusingasimpleviewtodisplayallthesensorvalues.

Toshowthattheheadsetsensorsareworkingacustommobileapplicationwasdevelopedtoview
theresults.SamplescreenshotsoftheapplicationwiththeactualresultsaredisplayedinFigure2.

THE SySTEM FoR DyNAMIC BRAIN STATE MoDELING

Thebrainemitselectricalsignalsthatarecausedbyneuronsfiringinthebrain.Thepatternsand
frequenciesoftheseelectricalsignalscanbemeasuredbyplacingasensoronthescalp.Forexample,

Figure 1. EEG headset
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theEEGsensorbyNeuroSkyisabletomeasuretheanalogelectricalsignalscommonlyreferredto
asbrainwavesandprocessthemintodigitalsignalstomakethemeasurementsavailableforfurther
analysis.Table1lists themostcommonlyrecognizedfrequenciesthataregeneratedbydifferent
typesofbrainactivity.

Emotionsplayanessentialroleinmanyaspectsofourdailylives,includingdecisionmaking,
perception,learning,rationalthinkingandactions.Todetecttheemotionofaperson,thefirstapproach
isbasedontext,speech,facialexpressionandgesture.Thisapproach,needlesstosay,isnotreliable
todetectemotion,especiallywhenpeoplewanttoconcealtheirfeelings.Someemotionscanoccur
withoutcorrespondingfacialemotionalexpressions,emotionalvoicechangesorbodymovements.
Onthecontrary,suchdisplayscouldbefakedeasily.Usingmulti-modalityapproachcanovercome
thisshortcomingtolimitedextent.

Thenewapproachisthroughaffectivecomputing,whichemploysEEGsignalsrecordedwhen
usersperformsomebrainactivitiesandapplyanalyticalalgorithmstoEEGdatatodetecttheemotion.
Thisapproachisbasedonthefactthatbrainactivitieshavedirectinformationaboutemotionand
EEGsignalscanbemeasuredatanymomentandarenotdependentonotheractivitiesoftheuser
suchasspeakingorgeneratingafacialexpression.Differentrecognitiontechniquescanbeusedin
differentsituationstomaximizerecognitionrates.

WeareinvestigatinganautomaticEEG-basedemotionrecognitionsystemthatcanrecordtheEEG
signalsfromusersandmeasuretheiremotions.TheEEGdataarefilteredtogetseparatefrequency

Figure 2. iOS sensor headset application
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Table 1. Brainwave frequencies

Brainwave Type Frequency Range Mental States and Conditions

Delta 0.1Hzto3Hz Deep,dreamlesssleep,non-REMsleep,unconscious

Theta 4Hzto7Hz Intuitive,creative,recall,fantasy,imaginary,dream

Alpha 8Hzto12Hz Relaxed,butnotdrowsy,tranquil,conscious

LowBeta 12Hzto15Hz FormerlySMR,relaxedyetfocused,integrated

MidrangeBeta 16Hzto20Hz Thinking,awareofselfandsurroundings

HighBeta 21Hzto30Hz Alertness,agitation

Table 2. Brain state recognition rates

SVM kNN Naïve Bayes AdaBoost.M1

EmotionRecognitionRate 89.25% 83.35% 66% 92.80%

Table 3. Recognition rates of AdaBoost.M1

Delta Theta Alpha Betta All

EmotionRecognitionRate 69.95% 68.40% 75.50% 89.70% 92.80%

Figure 3. EEG data analysis flowchart
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bandstotrainemotionclassifierswiththefourwell-knownclassificationtechniquesthatareSVMs,
NaïveBayes,kNNandAdaBoost.M1.Figure3showsthetypicalflowchartofdataprocessing.

Table2showsthebrainstaterecognitionrateofdifferentalgorithmsandTable3showsthe
band-wiserecognitionrateoftheAdaBoost.M1algorithm.

Asdepictedabove,usingEEGdata,cognitivepsychologistscanvisualizeandobservecorrelations
betweendifferentactivebrainstates.ItisdesirabletocreateanapplicationthattakesEEGdataand
exposesittovariousanalyticaltechniquessotheresultantbrainstatescanbestudiedandpredicted.We
presentthedesignandimplementationofasystemthatintegrateonsiteEEGdatacollection,analysis,
webbasedEEGdatastorageandmodelingtools,anduserfeedbackthroughmobilecommunication
devices.ArchitectureofthesystemisshowninFigure4.

ThewebserverprovidesauserinterfacethatallowsuserstoviewEEGdatainthedatabaseand
runRprogramtoperformdataanalysis.Figure5showsthatdataarerenderedinwaveformmode
andstatisticalmode,respectively.Figure6showsthatRisinvokedtoperformdataanalysistasks
ininteractivemode.

iPhoneuserscanalsousethewebinterfacetoconnecttothedatabasetoviewdata.Figure7
showsthetwofunctions,viz.,“collectdata”and“viewdata”,thatausercanchooseontheiPhone
app(Figure7(a)).Theusercandisplaydataintextmodebyviewingindividualdataframes(Figure
7(b)),ordisplaythewaveformofrecordeddataincertaintimeperiod(Figure7(c)).

DyNAMIC MoDELING oF SAMPLE CASES

WecollectedEEGdatafrom15volunteersubjectsusingtheNeuroskyMobileHeadset.Threesetsof
datawerecollectedinthreebrainstates,viz.,meditation,watchingmovie,andreadingaloud.Data
werethenanalyzedusingMicrosoft’sspreadsheetsoftwareandstatisticalcomputingprogramming
languages,RandPython.Componentfrequencies,includingfivemajorbrainwaves-Delta(1-3Hz),
Theta(4-7Hz), Alpha Low(8-9Hz), Alpha High(10-12Hz), Beta Low(13-17Hz), Beta High(18-
30Hz),GammaLow(31-40Hz),andGammaMid(41-50Hz)wereextractedfromrawdataset.These
frequenciesrepresentspecificbrainstatesincludingdeepmeditationandhighanxiety.

Thedataintheheadsetreportsbrainwavefrequenciesasafunctionofitspowerspectrum.Fourier
TransformanalysiswasimplementedbytheapplicationsoftwarepackagetodecomposetherawEEG

Figure 4. EEG data analysis system architecture
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timeseriesintoavoltagebyfrequencyspectralgraph(powerspectrum).Thispowerspectrumvalues
obtainedforspecificbrainwaveswasinvestigatedforthenumericalanalysisofQuantitativeEEGdata.

Thepowerspectrumdatawasnormalizedtoreducevariability,whichmighthaveoccurreddue
todifferenceincontactdistancebetweentheheadsetandtheuser,andchangesinenvironmental

Figure 5. EEG data rendering on web interface
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condition.Inaddition,automaticscalingfeatureinthehardwareaccountsfornoisesthatmakethe
datavalueslarge.Thenormalizedmethodusedthesumofalltheeightbrainwavespowerspectrum
dataanddividedeachdatapointbythesumtoscaleitwithintherangeof0to1.Theboxplot(Figure
8)graphicallydepictsthenumericalspreadofthenormalizeddataforthecombinedbrainwavesas
wellasmeditation,moviewatching,andreadingaloudbrainstates.Thestandarddeviationmodel
wascalculatedforeachbrainstatetoinvestigatethevariabilityofdataandpredictthepercentageof
valuesthatarepresentwithintheonestandarddeviationfromthemean(Figure9).

The combined data set consisting of all the five major brain waves show analogous data
variability,andpresenceofmaximumoutliersamongstalphawaves(Figure8).Withinthreebrain
states,meditationshowedthehighestdataspread.Thedeviationmodelcorrectlypredictsthatasthe
brainstatechangesfrommeditationtomoviewatchingandreading,thehigherfrequencywavesalso
changesfromlowerwaves(deltaandtheta)tohigherwaves(alpha,beta,gamma).Theresultshowed
thatthealphawavesarethemostcommonwavesamongmeasuredthreedifferentbrainstates(Figure
9).Therecognitionratesfordeviationmodelofthethreebrainstatesusingthreeclassesare64%
formeditation,65%forreadingaloud,and75%forwatchingamovie(Table4).64%inmeditation
isnotahighlevelofacceptance,butitdoesmakesensebecausenoneofthesubjectsaremeditation
practitioners.Mediationshouldbemorediscerniblewithsamplesofactualmediationpractitioners.

Classificationbasedadvancedmachinelearningalgorithmwasimplementedtofurtheranalyze
theEEGdatafromdifferentbrainstates.Themainchallengeinthisprocesswastheproblemofdata

Figure 6. Running R to analyze EEG data
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separationforeachbrainwaveatdifferentbrainstates.Generally,thebrainwavesdatafromdifferent
statestendtoclustertogether,whichbecomestediousforclassificationalgorithmstodrawabest
fittingseparationline.

TheclassificationalgorithmsappliedalongwiththeobtainedaccuracyscoreisshowninTable
4.Duetothecomplexityofdataclustering,asaninitialstepofmodeling,twolowfrequencywaves-
deltaandthetabrainwaveswerechosenastwovariablesandbrainstates-mediation,moviewatching,
andreadingaloudwereusedasthreenominalclassvaluesdiscretizedas0,1,and2respectively.The
resultsshowthattheK-Nearestmodelcontributedthebestpredictionscorewiththreeclasses-78%
formediation,64%forreadingaloud,and71%forwatchingamovie.Andfortwoclasses-89%for
mediationcombinedwithmovie,and85%forreadingbrainstates.

Interestingly,whentwoclasssystemswasusedbycombiningmeditationandmoviewatching
asclass0,andreadingaloudasclass1,thealgorithmperformedverywellwithlowererrorrate
(Table4).ThisfindinghighlightsthefactthatthemajorityofvolunteersparticipatedforEEGdata
collectionareinexperiencedmeditator,andthedatacollectedduringmoviewatchingandmeditation
areclosetooneanotherthanreadingaloud.Also,onceagainwithtwoclasssystem,K-Nearestmodel
performedthebest.Since,K-Nearestmodeldependsonhighestnumberofneighboringdatapointto
classifyitselftothatparticulargroup,theclusteringeffectofmeditationandmoviewatchingshould
havecontributedtothesuperiorperformanceoftheK-Nearestalgorithm(Figure10).

Further,thedynamicfastFouriertransformanalysisofEEGdatawasconductedtorevealthe
occurrenceofdynamicfrequencyatasteadystatealongwiththetimeseries(Figure11).Theresult
showscomparisonofFFLgraphofthreedifferentbrainstatesfromtwovolunteers.Inexperiences
meditator,thegraphsshowthelocalizedenergyofwaveswhereasininexperiencedmeditatorvolunteer
thelocalizationofwaveenergyislow.Thisfindingunderscorestheadditionallayerofcomplexity
foranalyzingEEGdata.

Figure 7. iPhone interface to the web server
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FUTURE DIRECTIoNS

Thechallengeofmodelingbrainwavesistodesignaninclusivesystem,whichincorporatesallthe
majorbrainwavesandaddressesthevariablessuchasspecificregionsofthebrain,inconsistency
withinsamples,limitationsoftherecordingmachine,andintegratingknowledgeformneurobiologyin
termsofunderstandingcertainbrainfunctions.Therearecenterpointsinourbrain,whichgenerates

Figure 8. Visualization of normalized data sets using box plot (A) combined data, (B) meditation, (C) movie watching, and (D) 
reading aloud

Figure 9. Standard deviation model for (A) Meditation, (B) Movie watching, and (C) Reading aloud brain states



International Journal of E-Health and Medical Communications
Volume 12 • Issue 1 • January-March 2021

57

differenttypesofwaves.Forexample,inParkinsondiseasesubstantia-nigraregioninthemidbrain
startstodysfunction,whichultimatelyleadstolackofmotormovementandcoordination.

Themethodofseparatelyanalyzingtheimportantknownregionsofthebrainwillprovidebetter
insightinthebrainwavegeneration.Additionally,itimperativeforbrainwavemodelingstudiesto
contemplatetherigoroustimeseriesanalysisofbrainwavestodeciphertrend,irregularities,cycles,
seasonalityandothervariationsamongwavesduringdifferentstates.

Technicaldifficultieswithdrysensors(suchastheoneusedbyNeuroSkyheadset)includeslow
levelofsignal,artifacts,problemswithhair,etc.limittheiruse,e.g.,tocontrol/communication.Most
oftheclinicalEEGsetisbasedondeviceswithupto22electrodes.Moreadvanceddeviceswith128,
256,512electrodesareusedforscientificpurposes.Thisfactdirectsourstudytomoveontohigh
qualityEEGdatawithmoreadvanceddatacollectingresources.Theproject,initscurrentstage,aims
toaddressthecomplexityofclassificationofbrainwavesdatabymodelingthemajorbrainwaves
independentlywithclinicallysignificantbrainregionscombinedwiththetime-seriesanalysis.This
willachieveanefficientandpredictablebrainwavemodelingsystemwhichhaspotentialapplication
inhospitalityandclinicalindustryforself-controlleddeepbrainrelaxationandearlydiagnosisof
variousbrainabnormalitiesrespectively.

CoNCLUSIoN

BrainstatemodelingusingEEGdataisahardproblemtotacklewithgiventheuncertainnatureof
human’smind-bodystates.Wepresentamethodforbuildingself-adjustingmodelsusinganonline
databasesystem.Thegoalofthesystemistoprovideusersatoolforquickprototypingabrainstate
andthecapabilityfordynamicadjustingthemodelaccordingtothedatacurrentlyavailable.This
systemconsistsofanEEGheadset,applicationsonmobilephones,andawebserverwhichprovides
aninterfacetothedatabaseandanalyticaltools.

WeusedmeditationresearchtoreachouttothehighendapplicationsofEEGdataanalysisin
understandinghumanbrainstatesandassistinginpromotinghumanhealthcare.Theanalysisofthese
statescouldbetheinitialstepinaprocesstofirstpredictandlaterallowindividualstocontrolthese
states.Weshow-casedsomeinitialdynamicmodelsthatcanbedistinguishedfromeachotherby
runningseveralclassificationalgorithmsondatasetswecollected.Whilethestaterecognitionrates
varyacrossalgorithms,thehighestrecognitionratewehavereachediscloseto90%bycombining
datafromsimilarstates.Theseresultswillseedmoreprofoundinvestigationonbrainstatemodeling
methodsaswellasEEGdatacollectionprocedures.

Table 4. Summary of classification based prediction scores

Model Brain State Standard 
Deviation 

Model

K Nearest 
Neighbor

Support 
Vector 

Machine

Naïve 
Bayes

Logistic 
Regression

Multiclass 
Algorithm

Three
classes

0.Meditation 64.29 78.57 78.57 50.00 78.57 50.00

1.MovieWatching 75.71 71.43 57.14 71.43 21.43 35.71

2.ReadingAloud 65.71 64.29 14.29 78.57 57.14 85.71

Two
Classes

0.Meditation&Movie
Watching 89.29 82.14 85.71

1.ReadingAloud 85.71 64.29 78.57
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