1 DEVICE AND METHOD FOR GENERATING A REPRESENTATION OF A SUBJECT'S
ATTENTION LEVEL 5 FIELD OF INVENTION The present invention relates broadly to a device
and method% gane J{fgﬂgg a representation of a subject's attention level, I;a&q%t § @Pﬁter storage
medium having stored thereon computer code means for instructing a computing device to execute
10a method of generating a representation of a subject's attention level. BACKGROUND 15Attention
Deficit Hyperactivity Disorder (ADHD) is a common behavioural disorder in children, characterised by
symptoms such as inattention and hyperactivity. foday's management of ADHD often leads to the use
of pharmacological stimulant medication. Parents, however, may be concerned about potential

unknown sid f i plessness,
poor 20appe‘ti|%g(§§és%a %Wé?g v&#\@é EA% Rﬁdi%?{%%?@g&% Ing interest in
treatment of ADHD based on psychosocia aspe(;{s oug important, such treatment has, to date,
been shown to be less superior compared to pharmacological treatments. 25 At the same time, it
has been naigd hafraaNaRgebigchnologies such as brain-computer interface (BCD can be used to
improve the treatment of ADHD based on psychological aspects. BC! provides a direct communication
pathway between Thbymsetirmveatidrariexiemahdgise. devalicsrambiomigoatemistings
electroencemmmghmm@f(EE@)eawmwww &Velvardsb ancbnunHavsishegenterfides Hearigus studies
have demor%ﬂrﬁfé 6f Fedroresatsdek (NIRRT iBe BECmotvedirdke oteseroltment of
ADHD. QJnlt@dng?%ﬁ%nggﬁ I8 26 2B P55R R0 G Bl bt FANRTHRRISEhd beta wave 35 activity (more
specifically, to decrease theta wave activity and increase beta wave activity) as measured based on
respective agagerallinpt activity. However, a clear and direct correlation between the measured
average millivolt theta and beta activities and attention has not been established. Thus, the users
involvé®in the traittiegtieppesiiite Sirperectidbc diserdsonRIiD) te cantwhtieir nebasovesl average
millivolt thet ‘%d&ﬁé!ﬂﬁé' rﬁEthﬂ §°Wﬁ€ﬁ HY@WB?@@%%F%%WB?@H@Mé}ﬁpﬂécé\&ié/suIt while the
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activities, this JRES NabAL %H:@Tamﬁ b ﬁéﬁ%ﬁm %” % i i‘gise ?:giﬂeed therefore
exists pr%g@gﬁ_ewqg.a@@mheg RizgaNekating a 4‘5representat|on o a su ject's attention level

that seek to address at least one of the above problems. 2 SUMMARY In accordance with a first
aspect of the presgﬁfi%thfan’lﬁ@fﬁ the¥ofeprovitivdrg dueies fior Yesimating ARkidseathion of a
subject's attge TR er o %{E dﬁ@? %é&ﬁhﬁfﬁm RISnEISHENPEFE StBEC means for
extractigg temporaﬂ% |p FITHS BATTTG AR iR for determining a first score based on

the exiracted temmrmgfgmq.m,sw% dassiiscrerasor X ReH RRRCUARSRAL) features from
the brain sigraisiter infeeaRs BCHeiainiNing:a seaapdecaie hasetan dhepKitasieeispectral-spatial
features usipgyaholegisHiespewarBdoprovioesi m kgsttiedirsharichiec pathsegiesvwesgivehartlird score;
brain and an external device. It refies on bio-signals such as eleciroencephalogram
30 {EEG) and thus is a low cost and non-invasive interface. Various studies have
demonstrated the efficacy of neurcfeedback (NFB) or EEG biofeedback in the treatment
of ADHD.

United States Patent No. 6402520 describes regulating theta and beta wave
35  aclivity (more specifically, to decrease theta wave activity and increase beta wave
activity) as measured based on respactive average millivolt activity. However, a clear
and direct correlation between the measured average millivolt theta and baia activities
and attention has not been established. Thus, the users involved in the training
approaches in that document only learn to control their measured average millivolt theta
40  and bata acfivities, which are not a direct measure of attention. As a result, while the
users may develop a mechanism for controlling the measured average millivolt theta and

beta aclivities, this does not directly correlate with achieving higher attention levels.

A need therefore exists to provide device and method for generafing &
45  representation of a subject's attention level that seek to address at least one of the
above problems,



means for calculating an attention score based on a probabilistic model representing a set of third
scores of the subject over a trial period; and meangs for presenting said attention score to the subject.

The means forM)resenting may present said attention score in the form of a game. The means for
presenting ion score may adaptively adjust at least one control parameter of the game
based on said attention score. The adjusting of said one parameter may comprise: presenting said

game using a relallbASAFIBEER LI &l S&t?éﬁﬁ%ogéﬁ?eoé‘?ﬁ?@a'iﬂ%ﬂ%o@oH?%Fﬁ%n%{ﬁi’éqsp &ver a first
period of tirfA&vice foy SRSt PepTEcRIRtaAR & GafyRIFSt TritamiiisN & COrBRsIAg: subject over the
first period of time M§ARRtRIgRRSHEIBEHRRiSBRREN O hiFreidsentative value; and presenting
said game using tREASRIRIF@SishSTpPehirinrsa iratERidR 88#8afd said one control
parameter over a SIS PerRiaBIBRE? first frra aRRthg o & rERstRm SMPRIA) BRIEEN that a level
of difficulty UFifHeaERsE§he second period of time is proportional to the representative value over the
first period. Ther%%f&cfﬁ’rﬁ@Hf%ﬁ@%ﬁﬁ’ﬁé?ﬁ‘%ﬁb@?gﬁﬁstﬂ@rﬁrﬁiﬁ BRI comprise: computing
statistics of brain IARASIRS HEERENNGE & SRCPAR ST @ RRTRSURNAhE MERSI8A GRYTIE R the
statistics infBHYIIRMRERIAEPESHHT The statistics of the brain waveforms may be standard deviations.
The extracting of tRea&pelar sRapAmapfdR iFeSaRRBAL &I 8l TBIRHESR™S:  extracting
respective brain sigf§areotppsasHiatinddizereferiuaenelpwiged Lusmpmiabiishrksieditain spectral
features of FaIpsSRfiNAS i@ thirdppwasphltesbirpd auanadiabesrieiydpectral features using a
CSP array to obtalfiafesdpeetrsespagsaid alireton viem Sigitasbigct.  The means for calculating the
attention score converts the probabilistic model representing the set of third scores of the subject over
the trial period intol Afixeefgedpe papRRNbIDMBYCAIeERNF§ thetiemdaticiretoie the foThedE@mbining of
the first ancdB88tnd scores to give the third score may comprise: normalizing the first and second
scores according to an equation (x-mx)/sx, wherein x is one of the first score or the second score and
mx and s, are the Mgameans dearrdasddieg aish afentigiussdre maveadrrddifibredisiigtiaiihg samples
to give normafizsuhiseoresnrieantithe gamspeasndn sgisigienfioreighte.wl and w2 to the normalized
scores >cm and x2r, respectively; and combining the normalized scores x1,, and x2,, according to
an equation xin*wiHx@ gtivgtirpgit edidectitinbszomer mayigmmpesghts wl and w2 may be calculated
according to the egresgoting, s&]) seheaiying a widsifishiiorebeearassidratissifyisegptherextracted
temporal fesaintendéf ¢enftchpdrametssifigng thet ertradeidisgectral-spatial features if i = 2 and p (p>0)
controls the powerdefarminitheacaipgstinatybtialthifdrdberettention Iseaiaosifier snbjgciomprise one or
more of a gtoifirsopesisting tina;Linear Discriminant Analysis classifier, Neural Networks, Support
Vector Machines, EdjzziingtbrertatiSysienhasedeshasetretasstidady&vaie Tape 2 and Relevance
Vector Machine. prefendidesaie gmmyeussippihingddifedorgetienatéppaebmetersitbatedomining the first
score basedandlredsaidctee cenpd rrfeadiresvesiag e otalsedien fdrtiexdracting the spectral-spatial
features from brain signals, and for determining the second score based on the extracted
spectral-spatial fedtwesdjistigpaotiesitdationship may be such that a level of difficulty of the

game in the second period of time is proportional to the representative value over the

first period.

The extracting of the temporal features from the brain signals may comprise:

computing statistics of brain waveforms in each of a plurality of electrode
channels; and

concatenating the statistics into a joint feature vector.

The statistics of the brain waveforms may be standard deviations.

The extracting of the spectral-spatial features of the brain signals may
comprise:;

exfracting respective brain signal components in discrete frequency windows
using filter banks {o obtain spectral features of brain signals; and

applying a CSP algorithm to each of the speciral features using a CSP array
to obtain the spectral-spatial features of brain signals.



The parameters may comprise one or more of a group consisting of projection matrices of CSPs for
the CSP algorithm, parameters for selecting spectgal-spatial features based on mutual information and
a model for the classifiers. The use of training data to generate parameters may comprise: collecting

training data from supj orfhi ~af ! yard ) machine
LOBiBRR RO AR NG5 HEREOR AEPKR AN IR d e RI PR R RO0R
learning mefrIaEeNtng, ihg &5 ALK FRAGSS 8L M SHEpRth BYeh & Bri& MSHOERIHh2tHERE is provided
a method fo°gEREI ARG LT FELHRLNS A G A & 0BE L Bitention level, the method comprising the
steps of: measuring brain signals from the subject; extracting temporal featyres from the brain signals;
determining a first LABrEBIRAUG S e b ARH FATPEI SRR B S 2 SHAGSHrEeRPhcting
spectral-spgﬁgmgﬁ?uresifrom me Pra%in sciignaIS'h 4 determi&ﬂn @ second scor ba ?d on the
extracted sp%ctral-%%%nt%}zfg BsISiAY astﬁgO%l iéc’%oé%sréw%?ﬁf)ﬁ ”ﬂ%’g el a%%"gé%% é'@éséu?és to give a
g score- = BALRHE I RNTGRo RET SR e AR T o setor
third scoresa(())f,j r@a‘jaz zséjc?’g%g[r Qver a ifgaﬂ p%er and, _resen%ng said attentio score to St'thegsu ject.
The presenting of sl lterg g ?&%4 SlmansompeeBreseniing said afiaion score in
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the form of me. e presenting of said attention score to the subject may comprise adaptively

adjusting at least qne.ganteol Rarameter Afdhe game based ap saldaHenbop sgare.qThgAdjusting of
said one pa,g%m@t%mgtg NPMHSEinirg sREESENting said game using a relationship between said
attention score and said one control parameter over a first period of time; determining a

representative valug £of thinaltentiod Seorepihesuhisekoyeindres prrigguatime;ggljesting the
relationship,hased, a8 siEJSRESBENIANEAGI S cRRdiying RRESSRLRE:IAChIRINE tdakgtig modified
relationship-bgtwagnsidRGRHOM S iR-R Said ARk GRIEPFRAIRRICIel aver magsqpdaeriod of time.
The adjustingafdRarelsdivashinmanbesuehibabadevelief siffieulty of the game in the second period
of time is proportional to the representative value over the first period.  The extracting of the temporal
features from the braénH@8als MY COMPFSE FRMPUNBE: Statistes.pf Bsaiiswayefosmsigneach of a
plurality of ebpsirede-FhaGRAISIsAnd AR AICOFHN QIR SRl Tiestho\a b KRRy eFtetky The statistics
of the brain wrvelesmsyriam basiandasd dexirifens, FuzzZlhewedracting akéne spectiadapatial features
of the brain gigtrade: may comprise: extracting respective brain signal components in discrete
frequency windows using filter banks to obtain spectral features of brain signals; and applying a
CSP algorithm to eaehdeivite rapgcisal ffeatintedaisingg@ietiReaptayrieeidir thespadtraltspatial
features of Breirssignatssed onlthe ealadaiihtpobitirel détntien stogeacdassiisesfopaxesitigghe
probabilisticacgektepasdintifptire sébof thaid sgores, anthésdbjechiniey the seabpkdodtento a fixed
score rangebpeied te ¢hdcekétint thepatiertipat@ioemiures using a classifier.

The parameters may comprise one or more of a group consisting of projection
matrices of CSPs for the CSP algorithm, parameters for selecting spectral-spatial
features based on mutual information and a model for the classifiers.

The use of training data to generate parameters may comprise:
collecting training data from subjects performing a set of tasks; and
determining said parameters via machine learning methods.

In accordance with a second aspect of the present invention, there is
provided a method for generating a representation of a subject's attention level, the
method comprising the steps of:

measuring brain signals from the subject;

exfracting temporai features from the brain signals;

determining a first score based on the exiracted temporal features using a
classifier;

extracting spectral-spatial features from the brain signals;



The combining of the first and second scores to give the third score may comprise: 5 normalizing
the first and second scores according to an equatign (x-mx)/sx, wherein X is one of the first score or
the second score and rn, and sx are the mean and standard deviation of outputs from the classifiers
using training samPRETBYRRE HSRTRIIR SGER Rt PRNdS X RgiRE Bhesiralshghth fsRiGHts wi and w2
to the normHRZEHASEBRSEIRA " and x2r1 respectively; and ~ combining the normalized scores xIn and
x2" according to af¥gRRHEhRA APIFIEEEeanEBrgIve 1heHRiR 1EBREO™; The weights wl and w2 may
be calculated accofaifigaithancatiariinnico? kasaters ¢ RPeRiiificaner! deeiraryfitdctassifying the
extracted tetRpBIANFESERERS iPf the SHRipHh QIS5 SfIRPRIEERMbcted spectral-spatial features if i = 2 and
p (p>0) controls the"BERENBSHICiAtPRIEAIBERARIR eI score. The classifier may comprise
one or more of a group consisting of a Linear Discriminant Analysis classifier, Neural Networks,
Support Vector Mabifiridgsetyig ahtaie sEedipasaera fadipsstipelaaaiiersn iiseAp a3assinttand
Relevance VeEt8HRMIAERIBROre In theydomp i Gdodae-further comprise using training data to generate
parameters for determining the first score based on the extracted temporal features using a classifier,
for extracting the speR (PEdsgHata Toagistadiersionbyamesiotagss dhector ae eamnrksyadirpteeiynd score
based on thRdiiaagtatieqs angl cpavhPRIamnete @Sing aamessied on saihalriiignaedsmay comprise
one or more of a group consisting of projection matrices of CSPs for the CSP algorithm, parameters
for selecting spectreisspditialinecalisei sanscrpamagiapinfomRisen and a model for the classifiers. The
use of training dat®tesgeling feip aparraisionsaleedieniiie bepiteetripidaatientidatachronasdbijects
performing &2@PofteeKrsodratestantiving Setinsaieth®éténsyia machine learning methods. In
accordance with adgiedraisjnsce sepesprésibme idlesmfionihthetteiderovckedod benspbieststezage medium
having storddetfiedepriied ®igigr code means for instructing a computing device to execute a method
of generating a reeisetingtiba sfiatisotjirbesateonionitewsasentadth odidenapdsing the steps of:
measuring brain sigrtsknfiognstieé sabiectsiegtthetmgaidadoreakifeshirebdhoasthealt aitesidrals;
determiningsadirserd srdozsedooticheaasxtattedveperalre arred ofding:a classifier; extracting
spectral-spatial features from the brain signals; determining a second score based on the
extracted spectral-Spatialifietitgres thsimglaictabdifi erar daisinhghheditstend s@Gonity sddres to give a
third score; gameaildbhéasiepadh pet@dtivhiseoie ipapediombiptbbabjirstentadisel vapeesentihg a set of
third scoresfioftthersgbject over a trial period; and presenting said attention score to the subject. 6
BRIEF DESCRIPTION OF THE DRAWINGS Embodiments of the invention will be better
understood and readéyeaippetrentbivecam pbral dazduyesKibin tie taeidreignéthe fatlovamgnwetten
description, by way®tputam piatsiigs avfdbraiconjavsionswith ¢hehdodvei ngsratitywbichliectrodeFigure 1
shows a scleearatedsgegram illustrating an overview of device for generating a representation of a
subject's attention ¢evebaretirdinpetotaictampla kintfebhdéventor.  Figure 2 is a detailed schematic
diagram of an implementation of the device of Figure 1 to one client according to an example
embodiment. The statistics of the brain waveforms may be standard deviations.

The extracting of the spectral-spatial features of the brain signals may
comprise: :
exiracting respective brain signal components in discrete frequency windows
using filter banks to obtain spectral features of brain signals; and

applying a CSP algorithm to each of the speciral features using a CSP array
to obtain the speciral-spatial features of brain signals.

The calculating of the attention score comprises converting the probabilistic
model representing the set of third scores of the subject over the trial period into a
fixed score range prior to calculating the attention score.

The combining of the first and second scores fo give the third score may
comprise:



15Figure 3 shows a flowchart illustrating a method for concentration detection according to an
embodiment of the present invention. Figure 4illustrates a data collection protocol for a
subject-dependent model training approach according to an embodiment of the present invention. 20

Figure 5 shows a SONEREEHIARK A ERSNT HRISH 3R] &R & COMHEG: 5h B RILEHN hsthedror
concentrati$ih EBiIEhCRTICh EHiEe TFeFe REdM FEHIRR) SHRPA Be@SRIRGS 1 dRfEdiment of the
present invBRHGHEDHF R ARY BTN CHRHE LR Hh ARG e S BRI P MPBIEME¥NG the method
and systen’ SfIRZBERBIE LI EdiNe RSRSGHYEY: shows a flow chart illustrating a method for
generating a repreASHIARSh VG ieRPe WetkhiishneTRrlraoPaRiE S aR Sk amiAEPERB ment. 30
Figure 8 shBi a schematic diagram illustrating a computer system for implementing the method and
system of the exafRRPERBoHIMSIMABIERETRIPIED PE FORIBFIGRFOAINg ximple BRMYBIments of the
present inv&ntitntBroWe & Se sE8d 52%@m that seeks to improve ADHD treatment, e.g. improving
attention of a user. The BC! technology of the example embodiments has been implemented in the
form of 40 compuldiegRigsPaid FammeyriforaicHRi R areRsgie Uit SraabPRiIGR=ANY the BC!
setup, varioegparamelera Biiaias 26y IRnILARSSIAGad a PHRaTSHcem AN RAl4RS Etc. Figure 1
shows a schefnafié dagleesinstiaengHaGRR rTRaAIGHaedlied Katurss 45 | geref@ing &rdbresentation
of a subjecte®aif!Aion ReW 28 b rifiHip erk akamp & e TERRAMt. The device 100 comprises a
plurality of clients 102a, 102b... 102n connected to a server 106 via a network connection 104, e.g. an
intranet or the InteFiét CRSEIERINBRYL 089 H3800 6N Ae AIBERtETapEP FRIFREC1aRaVHIRPreferably
manages tHeisatEndsH ttbsén dlarsifisToNgorab Adeiwnees: fompart Veciartitaehiaml&'&abodiment, the
client 102 inftiaterceSysitnof dreedarsad edtpssifinstuEsany thesed andoBeleyrbordd/adime. The
client 102 tfiéagrti®@nloads the game from the server 106. A game program 110 provided by the server
106 to the client 102 comprises, inter alia, algorithm 114 used for the EEG processing, analysis and 5
classification, atterftiennegus 1B§ Brthehsayapnieel Usirhitaicioe datefewrhafatgariag ejpiss of game
can be devétopaicfoninie ithehdiskarpre basbddamdhe wxbiksisrhyitgrwrelgigaicrise ¢eata02 can save
and send int@saiiigon fire cdinsatiQs flisacleesithkspetiad rigaBiresupdatcbrain reigredsivepdaj@r's profile
stored on thisislayeinpdnagecdrid staraddition oméeyertactetospédielonatig teatwissdisiemnt is
advantagecuslgssifjgaible of multi-user 10 operation, Furthermore, while playing the game, the user
(i.e. player) can be shown his/her level of attention, e.g. as visual feedback. This can advantageously
help the user perfdrne peteneBomagpottonsied the desoriptioraghich folfewsrarefaxplisitlpror implicitly
15 presentadatritesnsf & Sgofithiths &ieFfaigtidthat.opapmbtdie fepresestiatiospeofralparaligins on data
within a corfgaiteestiasmahpriihesaldidontiatno dederipiorsfanthéunasisiredsor symbolic representations
are the means used by those skilled in the data processing arts to convey most effectively the
substance of their Werkite oftrrisisgitleth itv gearatd\pasdgositranisheoe)@iseé:generally, conceived to be
a self-consistent seqistiog t20rrigtips feadndiect dedoedingsukeTdfdastepnsade those requiring
physical manipulatiefsofrpiy siidl guantties, Sa cheabioteletroalg mathwetic or optical signals capable of
being stored, transferred, combined, compared, and otherwise manipulated. Unless specifically
stated otherwise, dncasafzparenttfrarththicskmwivighi widdsset Rhapiorediaiedithabtitedghout the
present specitigaiien, siscygsionsdidiizingvagmstsuah dsctscanninghutealatdaéingisbdetemining”,
"replacing",ingenetiat rotphhpitisigitgvictowt putitnge, 4' costbateobdimtsrating ractipgseialatbsifying”,
"adjusting” ardiitgdite, agtekitn tbeshdtematitbpranepsen@tia atspputer system, or similar electronic
device, that maniprieigsrangdirsinsiaras tata tepsesented as physical quantities within the computer
30 system into othextemtangimaiiasty dejeersentédrashphysicasigualstities within the computer system or
other information sjetageintrgnaissiosoay displayodevieasciractethepigsantaiieailicasing also discloses
apparatus fersgeiferming the operations of the methods. Such apparatus may be specially constructed
for the required pugR@sesng spectral-spatial features from the brain signals;

determining a second score based on the extracted speciral-spatial features

using a classifier;
combining the first and second scores o give a third score;
calculating an attention score based on a probabilistic model representing a
set of third scores of the subject over a trial period; and
presenting said attention score to the subject.




35 or may comprise a general purpose computer or other device selectively activated or reconfigured
by a computer program stored in the computer. The algorithms and displays presented herein are not
inherently related to any particular computer or other apparatus. Various general purpose machines
may be useév\ﬁiﬂqlﬁ’f‘géggﬁls in accordance with the teachings herein. Alt Fd ,’?é)@%nstruction of
more specialized 40 apparatus to perform the required method steps may be appropriate. The
structure of a conventional general purpose computer will appear from the description below. In
addition, the present specification also implicitly digcloses a computer program, in that it would be
apparent to the person skilled in the art that the individual 45 steps of the method described herein

may be put |g@lgg%g¥§w%§:&£% %Qﬁﬁﬂ&g}gter program is not intended to be limited to any

particular programming Tanguage and Iiniplementation thereof. It will be appreciated that a variety of
programming langyagsssng-godinadharaaioman e wead 0 mpiameni-Hh elpacipgs-ehthe disclosure
containedl hatesnaisreaiesntitampisteripirograns innatinjendeshtaderdivnieddo way & particular
control flow. Siastplarminamg dtlenumdtensvih the dowpgeriprdgeam, which can use different control
flows without departing from the gpirit or sccg eqof trhe ir?ventio‘n. Furthermiore, ongqr more of the steps
of the compue it AT 2 IR R0 i SN KIS computer
programbmagﬁqg @ﬁi‘on any computer rea Sble medium. The computgr feadable medium may
include storage devices such as magnetic or optical disks, memory chips, or other storage devices
suitable for interfadtig with ia gelfutaikpachesattodirareen. difen dopiputaratadald ibemdslics may also
include a harifigt&d medDEiCiBBHhaESBIBEISI Aid ANINe Ipnehpdimatt.system, or wireless medium such
as exemplified in the GS obile telephone system. The coamputer program when loaded and
executgéo on a%égpdrﬁg %ﬁ%p&}g@%ﬁé&%ﬁﬁygﬁ%ﬁ‘%@?ﬁ%ﬁ%ﬁ%%ﬁ cagﬂ%gpgpug%eact l|°mnplements the
steps of the preferred method. Figure 2 is a detailed schematic diagram of an implementation of the
device 15 of Figurertosondickanteace ardingoliz ctiv e xaoiple] éon kol etttdEhanaystanvgemprises a
physiological giniasheppictibraasonling 20, ambetémgoncd degtiepamidagot206, an adaptive control
modulée? 10, an ini%g{lce con%lgmodule 212, and a presentation module 214 with stimulus generator

(o proveing 8 o SRS TR s UK . o
physiologicalGaia=ar HisHAN ROHHIE Rk A B MO SRS aRARe PIayer 202 and povides the
results to the attention detection module 206. The attention detection results are in turn provided to the
adaptivéScontrol médiee 2 GHove imteirfage cdrarokmeduaier?2dOspravidies enktdaizetimgetnehe 25adaptive
control modulePed apkl THEgraddhttirriegmeimerthysiological data acquisition In the
e_xarr_lple embodim%rg the .p;ﬁologiga_lﬁgﬁtac cgtgiﬁ;tigpa odule 2@{},&% uiso?d tonrecgrr!d physiological
bio-signals frggd et 2L Ene Honeioe s I0e, 30 BNl e st teEG),
electroggulogram (EoG), electromyogram (EMG). Different sensor montages can be used for data
acquisition in the eXaueleSesiivodinae athbortxafizpiedolistindiedien-cepandenyappliciations (e.g.
P300 based §arewnErd sigrivdradsieien efibmexamnie siopzeranegion of the scalp. For
voluntary attention control, EEG signals are collected from a pre-frontal area. 35 In the example
embodiggentyhesfiEs igRzippradist passed through a filter bank to be broken down to sub-bands,
where the number of bands N is variable depending on the tasks, 40Let X(t)be the multi-channel
EEG/EMG/EOG sigahmijilésdittesetriengestarateidssub ibandicignalad 4 @Crbd 2t #ysiEn).i(1) where
Ai., B, are thbaioeffisietatdrafbundpdl fikersens e.g. Therfiliegsatisthie exdmpieseriibedifent can be
Infinite IMpuféeReSFBet ﬁ?%’?;@fﬁtéwgg@@%eﬁﬂﬁrﬁ%eﬁgﬁﬁ%?ﬁ Edéhﬁof?,%z &xcluding the
ower e, REE A COP b, STt e B e romoved anc
detection acpytafyddroued in'the later stage. '

Figure 1 shows a schematic diagram illustrating an overview of davice 100 for
45 generating a representation of a subject's atiention level according fo an example
embodiment, The device 100 comprises a plurality of clients 102a, 102b... 102n
connected to a server 106 via a network connection 104, e.g. an intranet or the Internet.
The server 106 is also connected io a player manager 112 which preferably manages
the interconneciion and data flow for each client 102.
50



The filtered signals are then sent to spatial filters corresponding to each frequency band. The spatial
filters in the example embodiment are based on Common Spatial Pattern (CSP). The CSP filters are
trained by j ion/minimization of 5the variances for two class spatially
filtered S|gn(§lg o%ﬂ;? 6(?%&(1%) is given as (t)= WX, (t)(2) where W is the CS?%?&%%@% rﬂ-ﬁ?‘x 10 The
rows of W are the stationary spatial filters and the columns of W' are the common spatial patterns. The
spatially filtered signal given in Equation (2) maximizes the differences in the variance of the two
classes of EEG measurements. However, the variances of only a small number in of the spatial filtered

signal are used in tﬂﬂ‘%h@@@ gjz,;g as thst or SSIf{ICI{EltI n. The in first.and last rows
of y(Hform am@mywogﬁ@ewf e zﬁs w@ ’ ﬁg& e, dé@ﬁﬁaia&e%(‘g YT (Y, (¢
+-Y,)(4) from th@EIBﬂBdA?g%tb@@ﬁﬁtm 2Lz IBQM@@&@‘:@@B%'%%@

20respectivedymprissEherfeatuaie, vedgontifor tldssifcation tee EEGegrMecangatenatsng alkiCSP features

from sutbaf %ﬁ@ﬂ‘é\/@@ 5‘) mOdﬁ th”@ rﬁ@tﬁba anmgmmmexamwmb@umem these

feature vect(ig?eé ﬁg @fn save an ‘A‘E@r’b ﬁ ?8@[ i baigg?%% ﬁl;}ligﬁd?*és are
selected an |ﬂ é(t@tﬂ ?‘e?é Cagl e attention
detection maglley<@k, 3pepd 9@4 Rr Eg %‘Q m eggggs%er man@gg £ aicjﬁ%g%;hbodlment to
processthe bpeostiing Eﬂﬁeamaj anndecta@,aﬁg thin Ak MmO AR N ALTRRHRA %@{%Vﬂmﬁuquam'f'able
score to indibistbathevs\é|=gBofiettenics ubthefsabiject. 20@: can whandijeoydhaelfieniiogedetection of
the example%ﬁﬁ?ﬁf@ﬁt is capable of deallng with two types of scenarios. In one scenario, the

subject 202 is presgnted with stimuli he EEG is or d SO as to monitor the ant|C|patory aspect
o F‘ﬁ%

of attention f g’ n 8 Wgclgyng @5 ive /
depondent aﬁ%%@h%@@%ﬁé@ ,ézag’ 85 i SLOF @f{g@awumamy

directs his/hémattertion eﬁganﬁlbehaudgﬁi@aeﬁﬁtﬂéﬁﬁ ﬁ@dﬂb&ﬁﬁﬁﬂs @é@.@! S:H%ééaém Sﬂ'ﬁmg attention.

Thus, the atteintiessiderittitneofivee roxsimiietvatbibei mbstamefef sy idiprovites skiisefnl means to

tackle sz%emﬁ e’ﬁ@@l"éﬁ@htﬁﬁ?ﬁ%&ﬁ‘%\g i, sarerired el bbpeselbriensiation sequends the example
%@ %Pélﬁfﬁ ES SR E%’?@%@fﬁf@i}ﬁé?@?ﬁmg the level

embodlment & s;ca an ﬁ sﬁballt oI magne or oplical signals capable of be
s of bain
of attention ig T,P %gxwﬂi na&:ﬂ%ﬁ 8Hd othe ’

rwise manipulaied.

Linless specifically stated otherwise, and as apparent from the following, it will be

25 apprecxated that throughout the present specmcaﬂon discussions utiilzmg ferms such as

‘scanning”, “calculating”, “determining”, ‘“replacing”, ‘“generating”, “initializing”,

“ouiputiing”, "concatenatmg" ‘extracting”, “classifying”, “adjusiing” or the like, refer fo

the action and processes of a computer system, or similar electronic dm\nce that

manipulates and fransforms data represented as physical quantities within the computer

30 system into other date similarly represented as physical quantities within the compuier
system or other information storage, transmission or display devices.

The present specification also discloses apparatus for performing the operations

of the methods. Such apparatus may be specially constructed for the required purposes,

36 or may comprise a general purpose computer or other device salectively aciivated or

reconfigured by a computer program stored in the computer. The algorithms and

displays presented herein are not inherently related to any particular compuier or other

apparatus. Various general purpose machines may be used with programs in

accordance with the teachings herein. Alternatively, the construction of more specialized

40  apparaius to perform the required method steps may be appropriate. The structure of a
conventional generai purpose computer will appear from the description below.

In addition, ihe present spacification also lmplzcxtly discloses a compuier

program, in that it would be apparent o the person skilled in the ari that the individual

45  steps of the method described herein may be put into effect by computer code. The
computer program is not intended to be limited to any particular programming language

and implementation thereof. It will be appreciated that a variety of programming
languages and coding thersof may be used to lmplament the teachings of the disclosure
contained herein. Moreover, the computer program is not intended fo be limited to any



module 206, i.e.: SL = F(CY ,A")(6) 10where F denotes function, Ot is obtainable from Equation (5)
and A, denotes model parameters for attention detection, which is built upon the EEG/EMG/EOG data
collected duw gzﬁﬂlhbgaitlon period when "the subject is asked to perfor?fﬂifse&[% %}%%%atlon tasks.
15In the foIIowmg an example implementation of obtaining the score Sal from the brain signals is
described in detail and named "Hybrid EEG Model". Figure 3 shows a flowchart illustrating a
method 300 for concentration detection according to an embodiment of the present invention. In step
302, multi- 20 channel EEG acquisition is perfornged using a real-time data acquisition and processing

platform. In one exampl t ed eac uisition and roces latform i |m Iements the following steps.
A NuAmps deyic ?Wg jﬁ”ﬁ%}( a & e %ﬁﬁ:@ | The brain

signals are then recorde from Ag AgCl e ectr Iace on the sur 8e of the User's head. The
digitizer device forphen2bmsrsosdingofibe bdiﬁlfhélgfs'qﬂ§ wortke ompaiplrshFate kESeHz. The
recordetl braierfergral$ i nefiisr trdiv setprndielipl Siteringtopetaopedrigh fnegberstyrarbises and very
slow waves asuﬁgwmow?ﬁpléeadsﬁn dﬁé@#dﬁg|TéPB¢RT@?W@$tIﬁEﬁHéb'wlm@ipa?sSWnd?@ﬂ{@ 5Hz 40Hz).

The fllter_ed wces %{%‘ﬁ%ﬁ%m ‘iié?&ﬁe)rcfoB?W‘?ﬁ’ *t(?rré’éhlﬁfesf mputational
ooy i G St s

electrogle chapgls Qr WHaEes ﬁ?gurﬁﬁ%@é Bft’ffé@f‘iﬂgt ér{@eﬁ $y4RIRP a running
windowing rTeehanisiter Freaindoensieiandrahifissiesiase ﬁ@tea@m%ugmgoaa&un@aata Step 304
also removegfintiseardulistefactspiacighti3s fittelenwpnts thd sisteprBD8, nefepedahétiaidre extraction is
performed. Step 306 computes statistics such as the standard deviation of the windowed and

pre-progessed forh 5 T m@l dﬁﬁﬁé‘?a?f Iffto a joint
L R R

Linear Discrifp#nagt Apapi @AHICRGHBEPTRoHRIIEXAMP X!, indicating the
likelihood ofnm&mmihewsmmgreWﬁhetm@érmsrmdhmﬂmmgqbé‘dwha(&ta@ afbpgcentration i.e.
with focusediatelation 268her classifiers that can be used include Neural Networks (NNs), Support

Vectord@achines (SVM) 45 Fuzzy mference System (FIS) Tree-based classmers etc., and their

variants such a BR enftvd and 308 form
e etk R
filters i.e. fllteﬁrh@nkﬁommmenée RFdEe WiRFaWYeshaR mmwm&&gss ifiE e Eer bank is
centredat apzdivalesrirelmenay, Sanmpet apradixedidatenmliandds used to extract the EEG
component in each discrete frequ ency window. For example, the fixed interval may be 4Hz for the 5
frequency range o m’é'E’E@‘ﬁ‘b WE‘?H‘%’G‘HE In one example the filter bank i |s a digital filter with a
low order a I|tr3 OB ﬁ glmfrggﬁhn % W%ﬁi‘gr égi mgu ﬁ?h'):fllter or an
e PSR BielisedErho M Rapk IS sHppeprder
bandpass cmrey@mrapmaaagg@rwmmaas@aa@ et H&h@ﬂéﬁh’tbé GMatalerks Inc.) tools
can be usedfior e riendnmiplEmelrbthaditerppivdienitite B batibdediliashabiRs, an EEG
component gbEtairediededirdiet baifleivesactedompione schiptiar cofuatimingtisaperate
compopentsSRIFR R BITRE SEcOlsT eIt dPEERFRI &R step 312, a common spatial pattern

(CSP) array is mpqu@gn&%&@&%&%&p%@ﬁ@ aHi algoru‘. ﬁr,cn ptgsgea&nkef con onent obtained

in step 310 0, ampNaSIZE kAR difRTeRCEshada Cifstepicray %an E two classes,
the concent@&ﬂ(ﬁgbdow%@%kgoncentratlon classes correspondlng to the brain states during which

the subject is concentrating and not concentrating respectively. The CSP algorithm is detailed in
Equatidh (7) whereby fo(iive jiieERG20=co0EHRIEMS/CSE tatal aitck) fileexttactedsaaeording to
Equation (7)Neubeusatiaiyhé)s: W is a matrix comprising of the first 11 and the last 12 rows of W,
whereby h and 12 are normalized for data processing efficiency and the ratio between 11 and 12 is
kept constant. FurtMeirer& A=fis4 . bixw ddta.ndatrix of the PI' EEG component whéteby m is the

number of selectequplpctrode shanpelsarRMdSibe npmberot samples in the EEG 25 component in
one channel. The relatlonshlp between W and the covariance matrices of the EEG components is

given by Equation-{8) ikavbighd) archi arg s eryasiapeealicasAiiRe SEGELampanents
correspondifigite I dEfRESPbAIASEER) dlitbraimSignads, (b@esdﬂtﬁm@&m:wwata@ﬁ)erkd ﬁhaldentlty matrix
and D is a digbizal imatex sRarfy: 30uiq@mediagiatty fury( BdvaceiEdisy) Wilmmid=Bndv(2)w = D(8)

detection accuracy improved in the later stage.




The spatial filtering parameters i.e. spatial patterns such as the matrix W are learnt from the examples
of the two classes via a subject dependent model training 35 approach which would be elaborated
later. The C3R a3l %H;ﬁ)puces an array of spectral-spatial features, eac@geﬂggsgm(;}%@e energy of
the EEG component projected onto a particular spatial pattern. Such an array of features is usually
over-redundant since not every spectral-spatial feature is associated with the concentration or
non-concentration state in the brain. Preferably, the unnecessary 40(i.e. redundant) features are
removed. In step 314, a mutual information feature selection is implemented to remove the
unnecessary features. Step 314 selects a set of features that contains the discriminative information

between the concepirafip.andidhenapcanseniiafion 4p-Haop-hisseliAGHEminggHrough a
model trainigaRIaEe kiR Vida sidaig cideppndeniainsleldraipiig s Rieas sMishoyewidbe elaborated
later. At the Bpstiaf BiaEn3 1ESR) [FatuGSPatitesiarebitairelbariciis npihipdtostamdditatid? of  In step 316,

a classifier sHehramtieslibrAds tapiementivbdsirgshaidpailteaestainputframdsie)3 14, a score, for
example x2 ggdgguced by the classifier. This score indicates the likelihood of the hypothesis whereby
the hypothesis is that the subject is in a state of concentration Le. with focused attention. Steps 310 -
316 5form the spediral-spaij@ifeature extraction module of the method 300. Stéh 318 implements
the fusion of the regrdis from thegdsmpriatieatdeaigxtraction module and the spectral-spatial feature
extractien module to obtain a single output. In step 318, the continuous outputs of the classifiers in the
temporal 10 featurgrexisactidrimositie shaddhespnaisatispatialdedue eniastionmodule are
normalized. tnromerexeatmhpaiibans.Olitp dnisiitiée Sitersl sigha! mommdtizeguetitpuxmaiinbegx-mx)/s,
whereby m"thadigrraneercisjbe eeRNHscohibafvMaripsten ghicFde gtd nents duepEMs o t&ined using the
tralnlng samﬁ@%“%&fﬁﬁ%?a?f?@]&WBEté’&l‘:‘fé"r‘%%@Hafr@’f'ﬁrﬁ‘i‘es@?ﬁ'p%?a‘t‘?‘éﬁtﬁ@%ﬂm@eand the
spectralf spaﬁ'&’f’ﬁ%&ﬁ”& redptRRIParATE RRIRG dBtaed shaite @taitieCthede /I8 Rormalized
outputs x,’ aﬁadtw%()/m‘mo@mbmed according to Equation (9) using weights wl and w2 whereby weights
w1l and w2 correspond to x," and x24 nres ectlvely and reflect the individual performance of each of the
modules. HoweverCine RgH#HAl L8 iféﬂi and x2, can also be combined using*hon-linear
methods such as a non- Imea,t,welghfed regression. 20 Weights w1l and w2 are calculated according to
the formula wi = (YR mheee El@’}heebaasyﬁqgmﬂmgecngacy of the module alone a@yl is obtained via
training samples, and p (p>0)-eontrols the power of the accuracy's weight in the combination. In one
example, p is set tevier25(Rrith step<320¢ astprrgitative outipgt 8mssgehexatedving wiBksause of the
large ceoss-sedpedivedriances in EEG patterns, a subject-30 dependent model training approach is
used in the embodlments of the present invention to obtain th%farameters and models for the method:
300. In th su J{@t I ﬁ%ﬁ%’fﬂ%ﬁ%l@fﬁcﬁ’m‘ e R SASRERIES Rkt training data
collection seS&GHE & rﬁ'gﬁtaed f0Bllect a 35 subject's EEGs during navigated sessions. Figure
4 |IIustr%es a data toprro col 400 for the subject-dependent model training,approach
according to an em od ent’of the present invention. The protocol consists of 4 different tasks to be

performed by the syfiedh, I 1ask #028- UPIRS l@ﬁﬁ%’g Bdadead adschoigalraperhgnce, in this
task, the subjegd Q@t&rﬁ@%&&&ﬂﬂg& t ‘&fﬂ‘é\{% iR %%rﬁé@ﬁt‘?@aﬁﬁ@@‘é‘% 48)éaek 4. the subject
is required tansila: amcsimRkareubiaence, in this task, the subject is not in a state of concentration

and ha8bhis or her eyes opened. in task 406, the subject is required to perform mental arithmetic for
example, taking 40@%\9@ Petgsdimadly, hence, in th|s task the subject |s in a state of concentratlon

with his or her C 'ggs wofhg%mdtme 4 E%é?— a/ and mind in
aresting Staﬂé@ Stlr% % e gr?iqé% i aa“hﬁf‘ge rbc;f-‘ec {5 id St of
concerggatlogf g RYES 8HS he |de eve of attention for each of these tasks is plotted
in Figure 4 as line 410 Whereby the |deal IeveI of attention is high when the subject is required to be in
a state of concentrbtiendiind, i$hpwtiahian thetstiiofe cf iSecgrarepleochboiirenh istatoafic] 8
concentratloﬁeﬂﬁﬂéﬁéte%‘?ﬁ I@Stﬁesﬁﬁf’é@ﬁls}ﬁ ifsane tKkbeparbirradeiserserisdetth session

mvolvnFL%5 ezﬁa Hﬁ sgn rch rgf%} %ﬁﬁ%%zlk pé:;‘s?e ﬁg%ﬁ@Eﬁ%ﬁ%ﬁﬁéﬁgﬁ%ﬁﬁ@gﬁ%@ Poach in the

example tQ? hods. An
example of e;mashmheammdm @ugamatloemremetﬁraeettmg@ean%av%ts an iterative
approach. Fugidwer siesailnofte, mmhmﬁearammetbbdeaémgmen@@ammopeemmgrple three
groups of parameters are generated. 10 Firstly, projection matrices of CSPs for, the CSP algorithm in
the spectral-spatial feature extraction module (See Figure 3) are obtained. The learning of these
projection matrices are carried out using the CSP method that jointly diagonalizes the two covariance
matrices of the two classes i.e. the concentration class and the non-concentration class. 15 In one
example, the CSP method includes the following steps.



In step 1, the normalized spatial covariance E of the EEG measurements is computed according to
Equation (10). In Equation (10), E is an NxT matrix 20 representing the raw EEG measurement data of
a single trialyN, lﬁ,m@ﬁwpber of channels, T is the number of measurem%ﬁ%}%%@ggﬁhannel
denotes the transpose operator and trace() denotes the operation that sums the diagonal elements.
RE1 E(1 0) trace(EE') 25 in step 2, the composite spatial covariance Ey is computed according to
Equation (11). in Equation (11), the spatial covariance of one distribution 'Ea is taken to be the
average over the trials of each class and de{l 2118 the class index. 30=+ 2 In step 3, the
whitening trapsag ga@ﬁm%@gf 2 15 campdiadacearing Io Al (12 EAualER(l2) | S the
identity matgxq it tene spatl covariance o e two classés Is computed
according to Equatlon (23). In Equatlon (13), El and E2 share common eigenvectors B as 40shown in
Equation (14) wheirethésahenule tityodieient, dndsk mitndch agontbmiatARidD digeimgasassor PIJP' and 22
= PY2F§13) #1 5Edre BA Braask BB (k- 8)8 | 6 4tidrdion is |nksseed fitre €S Ripnadjectisaaatrix W is
computed agg@igiEpE) ikzquation (15). In Equation (15), the rows of W are the stationary spatial filters
and the columns of W1 are the common spatial patterns. 5W=Bt.P(15) The spatial filtered signal Z
of a single trial EEG;, E i8(@Ken, according to Equation (16). 10Z =(16) Equation (16)8% equivalent to
equation (2). The spatial filtered signal Z given in Equation (16) maximizes the difference in 15 the
variange of the twavalre Seesideds Guitaas U Me Bitailkge TRl theavariaprenof Oy gaall number m
of the spatiahfilieres:sissals rie-HeRbauRaliERS AL RSBlliFalien Fetianalfeceeflym} that
maximize thevtitieeeneerity the atigaaenof feecivostiasSaseofdbjértare asseaiated wilicihe largest
eigenvaluesatisniidr{is2xativtasiexample, these signals are used to form the feature vector Xp given in
Equation (17) whereby feature 20vectors Xp are inputs to the classifier. 2in = log var(Z)var(Z, )(17)

15 In the following, an example impiementation of obtfaining the score S from

the brain signals is described in detail and named "Hybrid EEG Modsal”,

Figure 3 shows a flowchart llustrating a method 300 for concentration
detection according to an embodiment of the present inveniion. In step 302, multi-
20 channel EECG acquisition s performed using a reai-time data acquisition and
processing platform. In one example, the data acquisition and processing platform
implements the foliowing steps. A NuAmps devics from Neuroscan, inc. is first used o
measure the scalp brain signals. The brain signals are then recorded from Ag-AgCl
glectrodes placed on the surface of the user's head. The digitizer device for the
25  recording of the brain signa%s works at 2 sampiing rale of 250Hz. The recorded brain
signals are then filiered via temporal fillering to remove high freguency noises and very -
slow waves using for example, a 5"-order digital Butterworth fitter with a passband of
{0.5Hz 40Hz]. The filierad brain signals are next downsampled by a factor of 4 in order to
reduce the computational complexity.

30
in step 304, windowing and pre-processing are performed. Siep 304 selects
electrode channals of interest and segments the incoming data stream into chunks
using a running windowing mechanism, The window size and shift step are
determined using training data. Step 304 alsc removes noise and ariefacts through
35  filtering.

In step 30€, femporal feature exiraction is performed. Siep 306 computes
statistics such as the standard deviation of the windowed and pre-processed EEG
waveforms in each channel. The siatistics are then concatenated into a joint feature

40  vector. The feature vecior is then input to step 308. In step 308, a classifier, stich as
the Linear Discriminant Analysis (LDA), is implemented to produce a score, for
example x;, indicating the likelihood of the hypothesis whereby the hypothesis is that
the subject is in a staie of concentration i.e, with focused atiention. Other classifiers
that can be used include Neural Networks (NNs), Support Vector Machines (SVM),

45  Fuzzy Inference System (FIS), Tree-based ciassifiers etc., and their variants such as
the Fuzzy Type 2 and the Relevance Vecior Machine (RVM), Steps 308 and 308
form the temporal feature extraction module in the method 300,



Equation (17) is equivalent to Equation (3). 25 Secondly, a set of parameters for mutual
information feature selection in the spectral-spatial feature selection module is determined. The mutual
information f&{?t%ﬁﬁg egtion method is based on mutual information whigh-ipdicaigaépg-mutual
dependence of the features with respect to the classes. Further details of the mutual 30information
feature selection process are as follows. Taking into consideration a vector variable X for
example, CSP features as obtained in Equation (17) and its corresponding class label Y, the mutual
information between the two random variables X drid Y is given by Equation (18). in Equation (18), 35

00 denotes i SRUSHY S TSP LRI LU0 spresents i aRglianshervony o
class label \"tﬂ@a\m&d}{v&&% égé@,&? & SAHreRy aRdihe E@H&O FaByiare given
respectlvelyfrgﬁquaylc&hﬁi@é@ad Iﬁf@(\?@)aﬁeﬁs\@aehi(éi)sﬂtﬂé}& kRe) 8% rientip(x) log 2
P(X)dx(19) xextklicdr2iz equdnpiyiEde8 1Fgtag@pip!i+ xjux (28 seVE Tmap be 4hiedaetexample, the
mutual IforfrREHsT P danee & it Brieessircla St drsisninastisp shanf¥RiPenl ieahdidate set of

d features iFiRIEAIY ‘é’nga-*{? e Yea an': it Fopt =
ol ?&% Sl é&@%ﬁiﬁ iy s
Next, Fk an 1%@18\;\%{% Mngiaw.aKe 1ag Woﬁ@ ehiheelass bebdtkeorhe mutual
information a&ﬁmmedlm&ﬁ@ms {a:beﬂ[&ﬂd:ﬂrrRQWUmabebw of (ls; Pdets ﬁhamcmm&mﬂ In step 3,
the feature fkawiichentzisintiEbesidiiar ¥db filen befectath each compstemyiifier @arminthe gain in the
mutual inforﬁ%%ﬁ@%@%ﬁﬁ%fmm%ﬁ*@ﬁﬁﬁpﬁﬂ@‘ERWE?'P’F@SB%e process is terminated.

Otherwise, in step 5 JiO Iri1_[ %te th,g ca tea ggt IS Lp ategn?é/dF--téF &F&} whereas the
select fgatur, és M@ @é&bﬁ;@fﬂ%ﬁq f iiﬂps%gﬁ T % %e {grocess is
terminated. AUSE, {he BReessSISHenRaiaddicamie of th t_ﬂfments a
feature refersdesaCHRe temicueriioon adiltetdaok-amtkeardike @ﬁsds‘éedseﬁwadmﬂmgttdmﬁent
instances. Thaaimwstsieinfosnmatiorhidattire %iisetéctmrcp!noeeSsi‘mgtfﬂméxaMptmembtrdtmms as

described atetreripliEaa & B aami §§ﬂﬁ?ﬂ¥%’bélI‘éﬂ‘@ﬁﬁﬁp@hwﬂﬂ@bbh@féﬁﬁﬁe BBf&ction process

13 %%ﬁ@% &5t F&aﬁtﬁ%y A Fﬁ'ihg A
Shg(:;éenftl Oi&%@ t%nx on i’égﬁ%) Ce €2 1an?§‘er’fﬁi ; Sa%gﬁrﬁgé ?}%giﬁgmpgs This

set of featureﬁrtﬁé#ﬁ%ﬁje lEE“r!Qéhﬁ fealuEa-SelasHoR RFACRSS M eRRiMaEaRRiRaLy NaRelied data for
concentrat|anudm@cﬂbaeiecteirmmsﬂyommmﬂs theichagsihersuimibae shetmnls300 aife @mained by the

traditioR@l Fistrapdimedindizerichimast Meehediiosshy laieibed wamm@@law@me’saﬂmaﬂefexample the
labelled traﬁh‘?c%é’@%&%%% VSBMEIHASETS (Bifreyhird 35 mrbifears dis awasEReentration tasks

; t fb !
s o B B T A P e

30 of (= diag ¥, — 120y %
U trace(E ETY
wrOw =p, wrPwT=I1-D (8)

The spatial fittering parameters i.e. spatial patterns such as the matrix W ars
leamnt from the exampies of the two classes via a subject depsndent model fraining
35 approach which would be elaborated later. The CSP array produces an array of
spectral-spatial features, sach representing the energy of the EEG component
projected onto a particular spatial pattern. Such an array of features is usually over-
redundant since not every speciral-spatial feature is associated with the
concentration or non-conceniration state in the brain. Preferably, the unnecessary

40 {i.e. redundant) feaiures ars removed.

In step 314, a mutual information feature selection is implemented to remove
the unnecessary features. Siep 314 selects a set of features that containsg the
discriminative information between the concentration and ihe non-concentration

45  siates. This set is determined through a mode! training procedure via a subject
dependent model training approach which would be elaborated later. At the end of
step 314, a feature vector is obtained and is input into step 316.



In the example embodiments, the set of parameters obtained from the subject dependent training
approach can be used to recreate a model for 40 concentration detection using a computer program.

In one exa onfiguration file is created whereby this file |ncI &e, Q[%gyon vector
and the bias (S ﬁg&;%(i%ers projection matrices of each CSP filter, theg %s to be selected for the

filter banks, and the weights to be used for combining the outputs 16 from the temporal feature
extraction module and the spectral-spatial feature extraction module. Figure 5 shows a schematic
block diagram illustrating the connection 5 betWeerz a method for concentration detection and a

subject- dependent trai w pro ss: é:;g%rj% % Q,an ¢ bodlm nt of th gienseg;l II}VG{'I'[IOH In one
example, U”Uééﬁzmﬁg g sohreshaiilt eﬁf@ qee&gea&i IR ABRERED, units 508,
510 and 5121@%@&9@%&@&5@ ﬁéaﬁséahesatat fRatyrRwsie ﬁ&@ﬂg»c{H@H RAREt0H~300 in Figure
3 and units 34 suifebis toarsspontidontwentemporal Laifdatusedsttascinn m@duteim-ﬂmenethod 300 in

Figure 3 In BRigurésspedihgriBES Caleracytircibfromdiie sitheotethdreBlhey are performing the
required tasks durl% th% alnlnge data coIIectlon sessmns |mLFIemented in the subject-dependent

training apprgach | ﬂ fﬁé’ Vi f@@hﬁ 535 acWéeﬁ implemented

I~ E 2RtUre &
in using the GRGING, s Sriad éeﬁ%ﬁ%a 5% A9 ko0 d8 #Lf%rﬁ q% Afning unit 504
and thamod@am@euei&@eﬁom me%nmmw@p&mtmﬁaem&e EROiE ks grodel for the
feature extrachomizetiSDe;featune selettiarpuipit5d Gharmtdhe classHicativramiisibliXand 516 for the

online proce§§|ﬁg@f el tiprRPE Feanthsk Riereespénival xampts, ahd fiandrscesiendetionainit 508
|mplements é’ﬁ&“‘@g H?‘Pi@tﬂ%tﬁaWH&é @H‘%fd&%ﬁ@&ﬁ‘é’ﬁfbﬁ%ﬂ%&ﬂ Eements the step

306. in %ddlt @%ﬁ% Quéa ?g%i gﬁﬁg@@gﬂ T f{ﬂﬁo ig“‘?dﬁﬁ%? ‘5?@' ﬁfg classification
units, 516 a .%%%ewn SEGhL SiPRS s 2ieShSns iy hisseas e
post-processing wg&&%&w@emm@rﬁie@nsfa mraeufena inciivibhel @@V@ﬁw conferred by
the embodlrmﬁrﬂad)fcbhéﬂprememrtaavemmmamhedudeal%d outpuis Xy, and X, can alsc be
combined using non-linear methods such as a non-linear weighted regression.
20  Weights wy and w, are calculated according to the formula w; = (v} where vy, is the
classification accuracy of the module alone and is obiained via iraining samples,
and p (p=0) controls the power of the accuracy’s weight in the combination. In ohe
example, p is set to 1,

25 Sy = Xy, F Wy Xy, FW, (9)

in
in step 320, a quantitative output S is generated,

Because of the large cross-subject variances in EEG patterns, a subject-
30 dependsni medel fraining approach is used in the embodiments of the present
invention o obtain the parameters and models for the method 300,

in the subject-dependent model fraining approach in the example
embodimenis, fraining data collection sessions are implemented to collect a

35  subject's EEGs during navigated sessions. Figure 4 illustrates a data collection
protocol 400 for the subject-dependent model training approach according to an
embodiment of the present invention, The protocol consists of 4 different tasks fo be
performed by the subject. in task 402, a subject is required to read a technical paper
hence, in this task, the subject is in a state of concentration with his or her eyes

40  opened. In task 404, the subject is required to relax and look around hence, in this
task, the subject is not in a state of concentration and has his or her eyes opened. in

task 406, the subject is required fo perform mental arithmetic for example, taking

400 minus 7 repeatedly, hence, in this task, the subject is in a state of concentration

with his or her syes closed. in task 408, the subject is required to have his or her

45  body and mind in a resting state with his or her eyes ciosed, hence in this task, the
subject is not in a state of concentration with his or her eyes closed. The idsal level

of attention for each of these tasks is plotied in Figure 4 as line 410 whereby the

ideal level of attention is high when the subject is required o be in a state of
concentration and is low when the subject is required to be not in a state of



Firstly, the method for concentration detection in the example embodiments provides an accurate
guantitative measure of the subject's attention or concentration level that is not provided by any of the
prior arts. Thgmethes in,the example embodiments is subject-specific ang-¥ses Rpfinizsd
parameters. On the other hand, the 35 prior art methods are based on spectral features alone, with
their output typically based on the average of a large set of results and a comparison performed within
a narrow range to detect concentration. For example, the range can be extending from the mean
minus the standard deviation to the mean plus theistandard deviation of the results. Hence, the

method in ttl:eo xampl b e r rate Furt ore in,the O exam le embodiments
of the preseg&&v&ﬁ@%ﬁ%ﬁéﬁ %;%E qr%&%ﬁ& re%arg%%%r? &)usr?)}na% 515 ﬁnpbrtant in (near)
real-time situations when a fast and accurate score is necessary. Secondly, the hybrid model

approach implemeftetiemtbe ekartiplesdbjechbiepimints phkiecpresentdnvanting takesped dimensions
of the EEG |W§éﬁ$?@éﬁfamr@HPS|§ééﬁF@m erﬁ@ge dmmmnymmamlmm atfeidand spectral
information @Ptlié %t*ﬁ’ é“ﬂ%ﬁ ran\§ el PBIREFAHARd, prior arts

only conceng fe f {?@gg@lﬁ@iﬁlﬁt% lﬁi%%h e are E?S ofa%% m%tg%aﬁfgd picture of

the subject's EEG characterlstlcs as compa e e em odlme e present invention. In
additiomp in the examigig, efrhestire rsirides tbe erEowINGEeaskellawsitheengtiaedHf
concentratiospeidbiantozatipmsibth e tduée réssl Rignrd B changingribd thne isagimentttiasavindow size to
the best Wlnﬂ’iﬂ?@@iﬂé MTRCAROIS Effdeerrwvinelody iz 5500 meitledsbatunitndy diferasiizheumstances.
For examplé ?\/H’é‘h %?Y@’i‘ qg?rﬁgtﬂﬁf’eg,gf&ggﬁya HReER G dbB e REion FespRTE Sy long

whereagln a’{‘?Ea TR ua’tloﬁl the EEG recording segment is preferably short. Thirdly, the

method in the examplaLebRGRaRSEEtha RFsasRLieHeRAlME, higrreation of the best model for
each Subject The method can also be used 10 to create models based on a small cohort and thus,
investigate group-spedtic isgue sdonalican pletmigrovwrriahdDiHE beyEERUkesmeraenising a large
database, theerreifasd aegreling bie useraivninidstidatingugdnerdh@ation issar s/t exatiple population
based %%dl(‘fﬁ?@‘ﬁ%ﬁﬁé@g 1"3?6%‘?’[ @n’ﬂ?@%&% E‘é?f?oﬁﬁﬁ‘r%ﬂgée dibNal§ctae BeBI®aRt combination
of features i§ HEved d§ 'ﬁﬁfﬁ%l ﬁﬂ‘?ﬁ@fﬂ@?ﬁﬂ@?@%utcﬁﬁ%ﬂ@élI§h8bta|ned from
subject-speg] %@%:ge elfifg" |s can TRe P rto T B S 1B oR B Ao 8888 on method in -
the example embodiments. Themutual |nformat|on feature selection in the example embodiments
provides a 20 novel way ¥ Teat ject-specific modelling for example, for individ@alized

healthcare. Furthermore, the use of the subject-specific model in the example embodiments achieves

high t ifi dels all
e L S e
m%%g(%e a on

erall ormahce. evaluatio ase [eCeIver op a‘t’m ¢haracteristics
(ROC) anaIyS|s =M% %ggn%%r SHRsS 8 qﬁt%ﬁ%sea&?r\?@ %tﬁnt E;"tﬁ% X Positive Rate
(FPR) ggainst the False I\iegzagvgftate are used to analyze the ROC 30 This metr c,](ROC) shows
objectively the true perforniancé of the method in the example embodiments using a %lmple curve. It
will also allow one to determine the best model to be used for each subject and also to choose a
model that will fit the sepsitivieandispee isiisembimenisialongthe R Lcuperaviedaking note of
the trade-offthebtieen e IscEhgittinty @R Speaifiddytid uidermore, the method in the example
embod®nents can be implemented in the form of a software tool for example, as add-ons to EEG
systems or as internet-ba8&giweb services. The method can also be embedded intd 2 PDA-like

the metric u

In step 4, the whitened spatial covariance of the two classes is computed

according to Equation (13). In Equation (13}, Z; and X, share common eigenvectors B as

40  shown in Equation (14) where / is the identity matrix and 2 is the diagonal matrix of
eigenvalues.

T, =PTP and T, =PE,P' (13)

45 %, = BAB and I, = B( - 1)B' (14)



medical device. Even with only a low-cost EEG acquired at.a low sampling rate and 40 from a few
EEG sensors on the forehead, the method in the example embodiments is still able to provide robust
attention or GORSEA i&ﬂ detection and scoring. Thus, the method in the I&ﬁg@%(}iments can
be implemented ﬁ] a sglmple and handy system with only forehead sensor{s?;e?glﬁﬂence, the example
embodiments of the present invention can provide a continuous, quantitative, accurate and robust
scoring mechanism for subject attention or concentration level since the example embodiments are
based on features extracted and further selected uging a multi-domain (spatial, spectral and temporal)
analysis of the EE? and cgasc ifi%dSBsin r'r%chine learning. In adgigon the.50 x%mgl% embodiments

. n.step & rojection_mairix o ed agco 0 on ..
of the preseptdnvel S TN UBes Syalomi s Aobl o pie e el Fo Bl i o o
computationghilasieheng’ areantoraiedaiareiaksaiection process that can find the best parameters
and model. Furthermore, the example embodiments of the present invention provide a post-processing

fusion sEheme that improkfes pefformance by a multi-scale approach. 5 To furtfid)illustrate the
advantages of the example embodiments of the present invention, an experimental study involving 5
participatinggquukggaé g}?ﬂqabﬁg‘?ﬁ?%é&ﬂ%ﬂﬂs THReE dU! FFEEE S IPGR AREUNB&ts are
recorded from'a standard 10/20 EEG system (NeuroScan NuAmps) with 15 channels and from
10frontgd channels (Fpl/Fp2).yz Table 1 shows the results achieved by a method (ffg concentration
detection according to an embodiment of the present invention and by the prior art method in Monastra
and Lubar [Monastautict (s 2000214050689 2380 ¢uantitative 15 electroencephalographic
(QEEG) process and apparatus for assessing attention deficit hyperactivity disorder, V. J. Monastra, S.
Lynn, M, Linden, JTF= capis, temsd signet Zagien. 9. Eanpignd ! 8E mevoenedpntigrapticiBiofeedback

in the Tréat e PR BAOIERGR S ey P BTRER o A feRe Q@e‘oéci@;@wd
Biofeedback?ﬁgl?}@»&g, E&’R;ﬁ?yii%?m%w%%g% TS, hfr\éﬁg?% “P&E{;Z%fg%% ITL18 ‘Thetabeta

(prior- 20 ariy @E%é'&%i@&ét@cﬁﬁ%@%ﬁé?%@i@&e YA0EsTeINgd AR OIS g HRLATt, the row
correspondiggals \Wiaveieanooaht sRowsu anacsvEacy eataineddronthetgmpsiakfeature
extractiin mestites Hpae: thputete terntemsdinding to "Spectrum only” shows the mean accuracy obtained
from the spectral-spatial feature extraction module alone and the row corresponding to "Hybrid
technique' shows the mean 25 accuracy obtain§d from the method in the example embodiments.

Furthermore, the resyfts.in.Lable 2 qjm percentage, expressed in the form "mearystandard
deviation" and are obtdined Wa a 2% ?Q‘Y(]j’ croés validation method. From Table 1, %can be seen that

the mean accuracy of the method in the example embodiments is significantly better than that of the
prior a(r%é’nethod. MateadpR Eiffe 159t 8dpABetssfBrmance improvement (absolute value) of the

method in the exargple, MbaUMEnts AYALINR RIOLA NGOG L 850,rL Nufu iGS G RUIS

demonstratesae pdnlpaga Tie-ARN e dBiTe Pae|ase BIOHRERISTIR:Craaie- AN RENIASH

subject-spediémumogskthatoutpestbrmmatas prionatznethosat:Subjeeh indithjestiR<Smbjeal 3 Subject 4
dependence of the features with respect to the classes. Further details of the mutual

30  information feature selection process are as follows.

Taking into consideration a vector variable X for example, CSP features as
obtained in Equation (17) and its corresponding class label Y, the mufual information
between the two random variables X and Y is given by Equation (18). in Equation (18),

35  H(X) denotes the entropy of the feature variabie X and H(YX) reprasents the conditional
entropy of class label variable Y given feature variable X. The entropy and the
conditional entropy are given respectively in Equation (19) and Equation (20).

Xy =HX)-HTIX) (18)

40 H(X)y=- [sp(x)log, p(x)dx (19)
xEXN

HY|X)=~ [ p(x)¥, P(y|x)log, p(y| x)dx (20)

xak »al



Subject 5 Average Theta/beta (prior-art) 57.52.7 57.53.5 66.710.9 56.99.7 57.52.2 59.2 Waveform
only 60.23.8 78.85.3 69.84.7 76.35.3 72.86.2 71.6 Spectrum only 64.44.0 87.96.2 72.83.2 76.30.0

59.68.9 72.2,fybyid leghpique 62.84.4 83.83.5 76.01.0 PCT/SGI009/000337

15

In one example, the mutual information feature selection process inciudes the
following steps.

in step 1, a candidate set of d features is initialized as F ={f;, f,, . . ., f and a
S - select feature set is initialized as a null set Fopt =2 |

in step 2, for each feature f; in the candidate set, a tentative feature vector Fy =
Fopt U {fk} is formed. Next, Fy and the Naive Bayesian Parzen Window are used to
predict the class label Y. The mutual information of the predicted class label and the

10 true label i.e. I(Yy Y} Is then computed.

in step 3, the feature § which maximizes I(Y\; Y) is then selected.

in step 4, if F = ¢ and the gain in the mutua! information is less than a preset
15 threshold 8 i.e. I(Y;Y)- 1< 8, the process is terminated. Otherwise, in step 5, I = [({Y,JY).

In step 6, the candidate set is updated by F—F\{{} whereas the select feature set
is updated by Fopt — Fopt w S{fi}. .

20 In step 7, if the candidate set is empty, the process is terminated. Otherwise, the
process is repeated from siep 2.

In the example embodiments, a feature refers o a CSP feature from a filter bank
and can take on different values at differant instances. The mutual information feature
25 seiection process in the exampie embodiments as described above is applied o the
fraining set with labelled samples. After the feaiure selection process is completed, the
select set of features includes the CSP features defermined as “important” or
characteristic for concentration detection based on their mutuality amongst the labeled
sampies. This set of features is used during the feaiure selection process when

30  processing unlabelled data for concentration datection.

Thirdly, models for the classifiers in the method 300 are obtained by the
traditional Fisher linear discriminant method, using iabelied fraining data samples. in
one example, the lapelled training data samples have positive labels if they are

35 recorded from the concentration tasks and negative labels if they are recorded from
the non-concentration tasks.

in the example embodiments, the set of parameters obtained from the

subject dependent fraining approach can be used to recreate a model for

40  concentration destection using a computer program. In one example, a
setup/configuration file is created whereby this file includes the projection vector and

the bias of the classifiers, projection matrices of each CSP fiiter, the bands to be
selected for the filter banks, and the weights to be used for combining the outputs



76.31.7-71.35.3 74.0 Improvement 5.3 26.3 19.3 19.4 13.8 14.8 35 Table 1 Table 2 shows further
results achieved by a method for concentration detection according to an embodiment of the present

invention angBy,theeeyigk art 40 method in Monastra and Luber. In Table ?Cé%r(’% S j7ect, the row
corresponding to "Theta/beta (prior-art)" shows the equal error rate (EER) obtained by the method

according to the prior art, the row corresponding to "Waveform only” shows the EER 19 obtained from
the temporal feature extraction module alone, the row corresponding to "Spectrum only" shows Fhe
EER obtained from the spectral-spatial feature extféction module alone and the row corresponding to

“Hybrid techpigelsheuss e ERqB'AReddigm hsmetand Ibeiample ebadipats. The EER

is the rate athibiich thedfatse positive rate and the false negative rate are equ ermore, the
results in Table 2 are in percentage, expressed in the form "mean -I- standard deviation" and are
obtained via a 2x2ffisireréssivalidatosshemay. Plckadiagabjedtysairest therfosnmanterby each of the
method® is tBBWEREdS rfﬁleé%?ﬁ 59?%%@@@@?%9&@?‘9rﬁé@ﬁté%@@&bﬁ%o Equation

" aﬂ

8 HIBTD

appro 0, ims, r ion: &)
(21). Itcan Q}ﬁ:%eéﬁgr%gﬁﬂi ”Igaé%saf éﬁ%l%‘%%\‘%r %sgg.%gg"dgé@@%ﬂ%%ﬁgm sl gthat the
method in the,gxaawlg@mRAGTCAL-PETHNMS #aM cantNoRERbT %*%gﬁﬁ ;
Furthermoren kablmairlsmabaw Fibaieyaihtharperiaumance ©f then grIYLRpxtEACtion module
alone (TWavEfgtme entigdionthredpedtrahs patibbicziiole Bigiraction module alone ("Spectral only") in the
example embodiments is better than the prior 15art meth%d. Trtlii}séélluségaées t%gt %he subject dependent
S : n f "Subject 2

tralnlng app?:%ar%rlm%g %If%e%%?%wpmsks %ﬁﬁgﬂ‘?ﬁﬁ%%m& daig col‘iae?:;{ionn sggigngume
Subject 3 iy lemented in  the subject-dependent training approach in the example
15 embodiments. Machine learning technigues are then implemented in using the

training EEGs in the feature extraction training unit 502, feature selection training

unit 504 and the modelling unit 508 in Figure 5. This would obtain the required

parameters and maodel for the feature exiraction unit 508, feature selection unit 510

and the dlassification units 512 and 516 for the online processing of real-time EEGs.
20

in Figure 5, in one example, the feature exiraction unit 308 implements steps

310 and 312 in Figure 3 whereas the feature extraction unit 514 impliements the step

306. iIn addition, the feature selection unit 510 implements the step 314.

Furthermore, the classification units, 516 and 512, implement steps 308 and 318 in
25  Figure 3 respectively whereas the posi-processing unit 520 implements steps 318

and 320 in Figure 3.

The advantages conferred by the embodiments of the present invention can
include:

30

Firstly, the method for concentration detection in the example embodiments
provides an accuraie gquantitative measure of the subject's attention or concentration
level that is not provided by any of the prior arte. The method in the example
embodiments Is subject-specific and uses optimized paramsters. On the other hand, the
35  prior art methods are based on speciral features alone, with their output Typically based
- on the average of a large set of results and & comparison performed within a narrow
range to detect concentration, For example, the range can be exiending from the mean
minus the standard deviation fo the mean plus the standard deviation of the results.
Hence, the method in the example embodiments is more acourate. Furthermore, in the
40  example embodiments of the present invention, an accurate score can be obtained
confinuously and this is important in (near) real-time sifuations when a fast and

accurate scors is necessary.

Secondly, the hybrid modsl approach impiemenied in the example

45 embodiments of the present invention iakes all dimensions of the EEG into
consideration. Specifically, these dimensions are the temporal, spatial and speciral
information of the EEG which are then combined to give a single result. On the other
hand, prior arts only concentrate on the spectral information of the EEG and hance
provide a less detailed picture of the subject’s EEG characteristics as compared tc

50 the embodiments of the present invention. In addition, in the example embodimants,



Subject 4 Subject 5 Average Theta/beta (prior-art) 42.7 44.1 30.6 39.3 38.7 39.1 Waveform only 39.2
17.927.517.8 33.9 27.3 Spectrum only 37.9 8.2 21.9 25.1 30.6 24.7 Hybrid technique 35.0

WO 2010/071604 PCT/SGZ009/008337
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the windowing approach allows the method of concentration detection to adjust the
time resclution by changing the fime segmentatfion window size to the best window
size. This allows different window sizes to be chosen under different circumstances.
For exampie, when a long term score is desired, the EEG recording session is

5  preferably long whereas in a realtime situation, the EEG recording segment is
preferably short,

Thirdly, the method in the example embodiments of the present invention

aliows the creation of the best model for each subject. The method can aiso be used

10 to create models based on a smali cohort and thus, investigate group-specific issues

for example, a group of ADHD boys. Furthermore, using a large datebase, the

method can also be useful in investigating generalization issues for example
popuiation based medical studies.

15 Fourthly, in the example embodiments, automatic seleciion and combination
of feaiures is achieved as the parameters and models for the method are
automatically obtained from subject-specific modeiling. This can improve the
performance of the concentrafion detection method in the example embodiments.
The mutual information feature selection in the exampie embodiments provides a

20 novel way tc create subject-specific modeling for exampie, for individuaiized
healthcare. Furthermore, the use of the subject-specific model in the example
embodiments achieves a higher accuracy and the machine iearning methods used
to create the subjeci-specific models allow the method in the example embodiments
to be more fiexible. ' '

25

Fifthly, in the example embodiments, the metric used in the overall
performance evaluation is based on receiver operating characteristics (ROC)
analysis. In the example embodiments, performance curves plotiing the Faise
Positive Rate (FPR) against the False Negative Rate are used to anaiyze the ROC.

36 This metric (ROC) shows objectively the frue psrformance of the method in the
example embodiments using a simple curve. it will also allow one to determine the
best model! to be used for each subject and also to choose a modet that will it the
sensitivity and specificity requirements along the ROC curve, while taking note of
the trade-off between the sensitivity and specificity.

38

Furthermore, the method in the exampie embodiments can be implemented
in the form of a sofiware tool for example, as add-ons to EEG systems or as
internet-based web services. The method can also be smbeddsad into a PDA-ike
medical device. Even with only a low-cost EEG acquired at a low sampling rate and

40 from a few EEG sensors on the forehead, the method in the example embodiments
is still able to provide robust atiention or concentration detection and scoring. Thus,
the methed in the example embodiments can be implemented in a simpie and handy
system with only forehead sensors.

45 Hence, the example embodiments of the present invention can provide a
continuous, quantitative, accurate and robust scoring mechanism for subject
attenfion or concentration level since the example embodiments are based on
features exfracted and further selected using a mutti-domain (spatial, spectral and
temporal} analysis of the EEG and classified using machine learning. In addition, the

50  example embodiments of the present invention provide a system to capture subject-



7.3 21.9 20.8 27.7 22.5 Improvement (Relative Error Reduction Rate) 18 83.4 284 47.0 29:7 42.5
Table 2 20 Relative Error Reduction Rate - prior or! EEER- EER prior art(21) It should be appreciated

that, as the systeypfikhg example embodiment makes 25 use of direct gifgniiensiaiagtion to control
e.g. a game which then provides feedback cues to the subject 202, it is actually a feedforward instead
of feedback system. In other words, the game only provides a visual representation of the
concentration level, Other forms of representation can also be used, e.g. a simple bar indicator. 30This
Is a major distinction between the system of the eﬂ@mple embodiment and prior art approaches which

purely rely ogfegdback siggals,an p@&i Lwhigh the gonpection hetwesn aliention ang feedhack training
program is 'é&ﬂ&ﬂeﬂé}t Raisyatam ﬁeﬁ?&m rﬁrﬁ tm;erﬂe CzpRke éﬂﬁmsam
advantageorsiptibrougd) dikeciaitoniemboniiainkhat ibethessubicel2Rantycrrrds tesgencentrate and
does not negtbesfsimViBiangchesabtick tuersyan deernasudt mowidedti(tealecpresemtation of
concentfation level) is dlrect Thus the subject 202 knows epr|C|tIy that he IS controllm@gﬁf he so

wishes. 20 Adapti & (’)’ j illus Hﬁl Rie /8B 9% ment

receives el Eslis A ‘%”sfté'ﬁfx %T@ SR 'i@&% catioimIAHdNYEom the
presentationsfaagate fBoalE@@dB#@&érﬁU(tﬂalﬁtBS@HM Acptivg uehekddHauUYm
10 frontal channels (Fpi/Fp2).

Table 1 shows the resulis achieved by a method for conceniration detection
according io an embodiment of the present invention and by the prior art mathod in
NMonastra and Lubar [Monastra and Lubar, 2000 - US08097980 - Quaniitative

16 electroencephalographic (QEEG) process and apparatus for assessing attention deficit
hyperactivity disorder; V. J. Monasira, S. Lynn, M. Linden, J. F. Lubar, J. Gruzelier, and
T. J. LaVague, "Electroencephalographic Biofesdback in the Treatment of Attention-
Deficit/Hyperactivity Disorder,” Applied Psychophysiology and Biofeedback, vol. 30, no.
2, pp. 85~114, June 2005.] In Table 1, the row. corresponding to “Theta/beta (prior-

20 art)” shows the mean accuracy obtained by the msethod according o the prior art,
the row corresponding fo “Waveform only” shows the mean accuracy obtainad from
the temporal feature extraction module alone the row corresponding fo “Specirum
only” shows the mean accuracy obtained from the spectral-spatial feature extraciion
module alone and the row corresponding o “Hybrid technique” shows the mean

25 accuracy obtained from the method in the example embodiments. Furthermore, the
resuits in Table 1 are in perceniage, expressed in the form ‘mean + standard
deviaiion” and are obtzined via a 2x2 fold cross-validation method. From Table 1, i
can be seen that the mean accuracy of the method in the exampie embodiments is
significantly better than that of the prior art method. More specifically, the overall

30 performance improvement (absolute value) of the method in the example
embaodiments over the prior art method is 14.8%. Thus, ihese results demonstrate
the ability of the method in the example embodiments to create an optimized
subject-specific model that ouiperforms the prior art method.

Subject | Subject | Subject | Subject | Subject | Average

1 2 3 4 5
Theta/beta 57.5£2.7 | 57.5£3.5 ; 8668.7£10.9 | 56.94£9.7 | 57.5x2.2 59.2
(prior-art)
Waveform only B8C.243.8 | 78.845.3 | 60.8+4.7 | 76.3x5.3 | 72.8+6.2 71.8
Spectrum only B4.4+4.0 | 87.6468.2 | 72.8+3.2 | 76.320.0 | 58.6+8.9 72.2
Hybrid technigue | 62.844.4 | B3.843.5 | 76.0£1.0 | 76.3+1.7 | 71.345.3 74.0
Improvement 5.3 26.3 8.3 19.4 13.8 74.8

35
Table 1

Table 2 shows further results achieved by a method for concentration

detection according to an embodiment of the present invention and by the prior art

40  method in Monastra and Lubar. In Table 2, for each subject, the row corresponding
to “Theta/beta (prior-art)” shows the equal error rate (EER) obiained by the method
according to the prior art, the row corresponding o “Waveform only” shows the EER



50f the attention training games. In addition, the rules embedded in the adaptive control module 210
are programmable. In the example embodiment, Hierarchical Temporal Control is used. First, a
probabilistic‘ﬁngﬁlo' 5%3‘ nt from the attention score Sta by fitting it with g.Gaussighb@skistribution, i.e.
(5;) (21zu2) eng 2(SraP)2}1 (22) The value from Equation (22) is then converted to
a fixed range between 0-100 15as follows: =100 1+ exPf-fiNS:)1 where 16 is a predetermined
constant. 0 is advantageously the attention score which directly associates with the
20performance of a game control. In the example’®mbodiment, a threshold R is set such that the

game control, (6.9, sReed of. accar siRLoppuional igdhe valye ﬁbw{h%r?ow%%ﬁ%é&&?dl}@e in the case
of racing caggaize, 3? LahdS PEROUH émjﬂ %ﬁ Reraehibs-6al maglras: v(t) =
aA(t)(25) extrawﬂeﬁ%@@ M@&HEWQ’BV@@B&&{S%M@&W’H@@ sithaRYLeBHyveditstable 30e g.
from a configifRtignsited Thendistaneix@ incie ceinthie eantovinartené tieiEER follonvet®al/(t)dt =
A(t)dt- aﬁ?T(@@mﬁbﬁeefa@)ss m@wrrageearm@eo‘ﬁ@@ Orertivecate 36 equwuifvfﬁaﬁ ‘a‘ﬁtlﬁ%le attentlon
score and tHE®H W&ﬁ?@ @ ?h@@( It is able to

update the tﬁf‘é{ég% ";lﬁi m@d’% 103 Q ﬂﬁéﬁé@ iia)ﬁ' Su ect gct 202 when
he plays the %W?ewﬁ@ai Sl cmﬁaﬁ%@ﬂ%@ @ Anad) raao@u e 8 t0 perform
specifiq@Otagipie. g trantralliarairacipoeey AR x@@@@@%ﬁﬁ%mth@smeeﬁéﬂﬁdaﬁned as To,

the example embodiments performs significantly better than the prior art method.

Furthermare, Table 2 also shows that even the performance of the temporal feature

extraction moduie aione ("“Waveform only”) or the spectral-spaiial feature extraction

module alone (“Spectral only”) in the exampie embodiments is betier than the prior

15  art method. This ilfustrates that fhe subject dependent training approach can
significantly improve the performance of the methods.

Subiect | Subject | Subject | Subject | Subiect | Average
1 2 3 4 5
Theta/beta 42.7 441 30.8 39.3 38.7 39.1
{prior-ari)
Waveform only 39.2 17.9 27.5 17.8 33.9 27.3
Specirum only 37.8 8.2 21.8 25.1 30.6 24.7
Hybrid technigue 350 7.3 21.9 .20.8 27.7 225
Improvement 18 83.4 28.4 47.0 29.7 42.5
{Relafive Error
Reducfion Rais)
Table 2
20
EER i - EER}zubrid
Relafive Error Reduction Rate = e : (21)
EER

prior art

It should be appreciated that, as the system of the example embodiment makes

25 use of direct attention detection to conirol e.g. a game which then provides feedback

cues to the subject 202, it is actually & feedforward instead of feedback system. in othar

words, the game only provides a visual representation of the concentration level. Other
forms of reprasentation can also be used, e.g. 2 simple bar indicator,

30 This is & major distinction between the system of the example embodiment and
prior art approaches which purely rely on feedback signais and in which the connection
batween attention and feedback training program is implicit. in the system of the
exampie embodiment, the control of the game is advantageously through direct attention
control, That is, the subject 202 only needs io concentrate and does not need to follow

35 any feedback cues, and the result provided (i.e. representation of conceniration level) is
direct. Thus, the subjact 202 knows explicitly that he is controlling If he so wishes.



21 and the total distance of the course is defined as :b' . The adaptive control module 210 is
advantageously able to adjust the difficulty level based on the following equation: 5 Thus, the
system of the example embodiment adjusts the level of difficulty (to make it more difficult or easier)
from a tempdfR PEIEEEGve. It should also be appreciated that the systeAfdf e e¥diMsfe embodiment
is preferably based on an asynchronous SDI mode, i.e. the subject 202 does not need to follow any
cue in order to 10 control the game. Based on the above, the adaptive control module 210 works
by first setting a default level of difficulty. The subjggt 202 then plays the game at the default level of
difficulty over a firstgperio,d of time. During a subsequent delay time (i.e. learning phase), 15 the

relevant parameter gﬁ%@‘;&%\%‘f’i@hg are estimated. These pravide a direct indication of the subject's
concentrationdgygl. ;Eﬁﬁéaﬁ%é]ﬂ}% %ﬁ@ﬁ%%%%geiﬁ@mﬂ%@gm@@ Iggoased on the
estimated papassRifnieddRiay 4inRIRe: S %R i@?ﬂ% @8%;{6@&9% K GRGHdiryecond to 20
19 secorids détenditegiion trntyp eafganeadsidior pressatadiabe tmeedalayicanraisel be
automaticallynastladipateyamosnadipy the system based on statistics of the subject's respective
game profile. Subs?q ently, due[in% tge t_raininq_ﬁession, the parameters are continuously 25 calculated
and the difficulty levaI"S SditSfa SREGHTGN, TR A REBRRICHRAERl SRt ésholds R may
be set for re<HRRAVE TR IR ER8E S0k i AN SG8ID i NS e 25 Ea4H38 player's
attention’lev ’?gzﬂli‘aﬁ“(é:%. time taken to complete the racing course is below a lower limit). Similarly,
the level of difficulty is decreas?d if the pl?yer's attention level is low (e.g. time taken to complete the
racing course is ab&(&,36 aﬁ—brpsqqetxp ~YéfipugPther schemes for adjusting the {gxel of difficulty can
be implemented depending(?d??—e.g. whetter the game is intended to be more or less challenging. The
session ends after allcgca d Erioq. has,passed, and-the relevant session information such as

TekrRi el

highestscorg/leyel,atiration at the g ve|,%8%&?8t’fﬁ'8%d&f’ SeB1RY LREoRRabrReiR108 system. 35

Interface control The interfgge control module 212 of the example embodiment comprises a typical
BC! setup which cﬁﬁi{%ww F&hannel EEG cap, amplifiers and application pr&iamming
interface (API) cod%fgreaéo I t lent 02%0 rgcord and store the 40physiological bio-signals
(EEG, Eo0G, EMG, e c.s. resenta iao%"ﬁqsci?%% fitation module 214 comprises the game part, which is
the implementation gf the gam on the client 102 (Figure 1), and allows interaction with the 45 subject.

Various game exanvpleg f§ v%“ga@&ﬁ”agv B TBP LSESIRIRY sYEW GPIREARBM Ik BRbodiment, It
will be &Bpre Tad T H@W8§%{?’;§°} Wﬁj‘?tﬁ’éﬁﬁl%‘ﬁ?Wﬁﬂ%‘W&lﬁW%@@ B S¥hEEEEd to the
interface 212 10 record. ﬁ%’sﬂ%jéecgt"ssﬁﬁ?/lé%Iﬁg?%&f%%gg?éﬁ%‘f?? it @ka Mipte WiBodiment, the

interface and game paraT@tgrE;aere( &JII_yR) S0
0;

AMy=+" 24
; (@' -R)<0 o4
25 For example, in the case of racing car game, the speed of the car is proportional
to A. The speed of the caris set as;
w(t) = aA(t) (25)

where o is a constant which can be set initially and is subsequently adjustable

30 ?% from a configuration file. The distance D moved by the car over a time T is as
ollows:

D= [ v@dr=a [ Aodr=aQT-arT (26)

where O is an average value of Q' over time T,
35
With the guantifiable attention score and the speed control, the adaptive controi
module 210 of the example embodiment is able to update the threshold R based on a
performance indicator obtained from a specific subject 202 when he plays the game in
his first trial. In the example embodiment, the time for a subject 202 to perform a specific
40  task (e.g. conirolling & racing car around a racing course an the screen) is defined asT,,



22 configurable using e.g. a graphic user interface (GUI). A Stimulus generator is also provided in the
presentation module 214, allowing, the creation of additional auditory and visual disturbances during
the training RHRSEeRY &Iapsturbances may advantageously influence the g%]%% %r{nance and
thus his/her EEG/EoG/EMG 5 Figure 6 shows an image of an experimental set-up fo

implementing the method and system of the example embodiment As can be seen in Figure 6, the
client 102 (Figure 1) takes the form of a standard personal computer having a display 602 in the
example embodiment. The game 110 and other geaphic user 10 interface (GUI) elements 604, e.g.

score, are prowded on said dlspl féBOZ Player 202 plays the ame 110 while Wearlng a cap 606

having vario §?§?§cﬂ§t B ﬂ?‘ﬁ gb%‘h E?é}?PEPé HH'RRIRE? head. Figure
7 shows a flgjﬂ\;";vd tha%tEe %%ylﬁ‘ustratln g%@%rgte a ¥§riga§’r?gr%’tlng RS, FEEBH G ion of a subject's
attention level according togn example embodiment. At step 702, brain signals from the subject are
measured. At stepROﬁQte ral features are extracted from the brain signals. At g5 706, the
extracted temporal feature€are classified using a classifier to give a score x1. At step 708,

spectra spatlal features IEref m th rain S|qnals At ?ls' U}‘? 710, %Pectral spatlal features containing 20
discriminatiye | néo?ﬁ% %@Qr ’}f E-5¢|&ted from the

ST T e R

classified usisghanebassii IBCt@r@ﬂéﬁ BeSHRY &%?eot\mﬁ%e?éﬂmﬁheea%fﬁﬁdﬂ aﬂddé% Arergempined to give a
single $8orecontrstdipe fbBiesaid score is presented to the subject. 25 The method and system of the

example embodlment descrlbed above advantageously prowde an attention feedforward tralnlng

protocol for atten | a?ﬁ WA Y Al D% Rve
difficulty uncgeie b ‘ﬁd‘ pﬁg‘#ﬁ;ﬁfﬁ% %é}% \%3} ﬁ?ﬁiﬁ‘ﬁ ,.g;t‘ Sisie. nitated
by the 8§ usge g \t ﬁt @rrs ﬁl @ggpd &{ely and

automatlcallmzaeb{ushedfbyarﬁmﬁmﬁoebdewed&ﬁom&hweleembbI@oﬁwaﬁo@ig Fb5GdROG, EMG,
etc.). The melthogka tiek Sraterhdifithitydesmiple ebaitimedtralempravide rules/strategy 35 for

programmable and automated adaptatlon of level of dlfflculty (e.g. by the Graphical User Interface

(GUI) apd G ff@?@?ttﬂy*ah&ﬁcﬂ’f@&eatlon of a
learning curggfegg ;1&}5 d%i%%‘%ﬁﬁ?ea@%@&%‘ 'g f Q tggc;ﬁ%tgﬁ" of the stimull
in a multipl esggﬁ@pgt@g;ygg turba Co can’os tréated iring the trainimg. 1hese

disturbances can be auditory 40 or/and visual, and advantageously allowing active control of the level
of difficulty. The trﬁnmgqgamie cdmrfaﬁdtbettam&umamertfw paraseas peetsoftattontipn (e.g.
spanal?@er f Windeis'o m@%ammwaaa eXrrEpf RINTtEMeRithod and

tem of th HPE tB‘éft G idtcoy4 féﬁ#%@bﬂ% hematicall
meoet 0 R Eam; i ‘egf'ii’tﬁ%y%f% ﬁ%ﬁ%ﬁm o cvecuied

shown in Fl%ger
within the carapuigesy stRmM:iSORvaNnd nplaIg! Ingé heERRRSeRRYSIRITRHY teos%dget; method of
the exampleaenubpslintientl. Y3rious Bivercechpmiter systeinddg eospisesaammpytesmeagule 802, input
modules sudnrigmeréedbderenstyg ands o rdeBes ﬁt&d@m@r@lﬁﬁ@f@dt@t@emo% sutdsas a display
808, and pn?ﬁét‘eé‘%‘%fﬂ% %%?ﬁ‘ ﬁt@?‘i‘ﬁ@(ﬁ@feas@'q BYRPLEEE HepWBlv@12 via a
suitable tra 8@9% Tjek féf_f 8%%%‘@?@%% qj"ﬁ%‘@rl fﬁtetﬂ?dt ghestrirrEhARiBEstems such as
Local Agea Network Aﬁl? or Wide %\rgaeﬁletwork (WAN). The computer module 802 in the example
includes a processatedthdes aditddrndom Access Memory (RAM) 820 and a Read Only Memory (ROM)
822. The computeTnsotitde=362calgminciutits a12usibips obtappiéOspoter iatertases, for example
110 mterfacéygmltﬁ%éeéhi@ BOBMMIEH G mtdiifeiven 83 6= herkeybuldiets8ad asdibatioomponents of
the coqbout AL g@% (?F%égﬁiﬁf%ﬁwﬁéﬁ“mt@%n%téd POEieEd Ferenteemanner
known to th& |t¥e 8 C§< % Mﬁwgtgtépllcatlon program is typically supplied to the user
of the computer 2G:aystaRR0 encoded on a data storage medium such as a CD-ROM or flash
memory carrier antheeashgdisitigrn eessarRPONingfiniAsiorade MgLNLIive QbR datgstorage device
830. The applidatientgioy rérihéseess aniteolienoled (Aigsrexecaithaibydhepratessnhdis.
Interméeliate disRhg ¥ P difam Jaraninayisecabesmisichenkd St RAMIBRE. @5tem of the

examplé embodtment It will be appreciated that the games are run on the client while
the client is being connected to the interface 212 to record the subject's physiological
bio-signals. In the example embodiment, the inlerface and game parameters are fully



Although the present invention has been mainly described with respect to ADHD treatment, it can also
find application for other mental disorders, such as depression, degraded working memory, Mild
Cognitive DigQydgfoiMishy Alzheimer Disease (AD), etc. In addition, while §he inplemeniation of the
present invention has been described as a 30 system, it can also take the form of a software program
with CDROWDVD on a computer, a web-service over the Internet, or a cartridge for a console, etc.

It will be appreciated by a person skilled in the art that numerous variations and/or modifications may
be made to the present invention as shown in theZpecific 35 embodiments without departing from the

spirit_or SCopgH é&%igv&m 1. ?We%.rmﬁeﬁa@, rRse, Lflmbodlmentrstarres tgggefore, to be‘
considered tﬂ@ji %ﬁﬁ%&’?&gﬁﬁaﬂ _Wﬁ@f&ﬂ&hﬁﬁ&%@eﬁc é?@@%ﬁ%?fﬁd g;.g_%,for generating
a representatinal ehausbdjestscatiention tavel prrREsIBg P means iesdnpapubhgmipusignals from the
subject; mearisdoratieaotivgite praporaldeatangstfromished#8i@/Bigbv@ligE.  means for determining a
first scote based on the extracted temporal features using a classifier, means for extracting
spectral-spatig gggfgrtggsﬁ E’i'”?ﬁ.é g@@g%ﬁ%ﬁ;ﬂ (ﬁﬁ?ﬂ?ﬁ@? %@@gﬁ%ﬁﬁm '@@g&ﬁﬁ'@l &€ based on the
caced bl SO L L s Y Seond o
to give a thigfspaey &UPaANRIOLGRIJILAERG SIALIANHOR SR DRSPE QN SHUORANIHA ( _
represehitingneesatof{ i skonestofdim subjecbeyerra tialinedes snd meaay foppresasting said
attention sc@f@toldye subjeetne 110 withewisvicg as cigin®®é ihalaign Jarivhersémsneans for presenting
presents saRPfERgSiPtoreimeenererd bem gillerenbemaneldis/ies heagdaimed in claim 2, wherein the

means for present}pI LEsaig asﬁg%gog ﬁcoreh%dapggq%c%}géggts at I% sc;[ ﬁgn o rr]tr%I ara}‘meter _of the _
game hased sn seHoaFaH cusale. b e Heue IEM% 1e“}%é%kﬂ Aflusting of said
one 25 parageleteORaHRals frdaRe RIBB SR GRS HSINGAstelaHONShiRReiegn; said attention
score and said exgtadirdopatamptainaighadirst penodod, timesxiractég tRiybragfeiepiesentative
value for thezsttelatsiiiedorenf thelsabjisct wveiviha fissopeniodAif simre; 780adjustirg thetralationship
based_on s?@&?@%f%é%ﬁ@ﬂma}s- Abrase ity %%ﬁét%%ﬁ@iﬂ%th@ﬁﬂm%ﬁﬂﬁelaﬂonship

=

vetwedh s AT H0 502 MO e, e SR e

spectral-spatial features are classified using a classifier {o give a score x,, At siep
714, the scores x; and X; are combined ic give a singie score, At siep 716, said
score is presented {o the subject.

25
The mathod and system of the exampie embodiment described above
advantageously provide an attention feedforward training protoco! for attention training.
In addition, the attention training game has an adjustable level of difficulty under time
consiraints. Further, the training system is preferably asynchronous, i.e. initiated by the
30 user, not the computer. Advantageously, the degreefievel of difficulty is adaptively and
automatically adjusted by information derived from physioiogical bio-signais (e.g. EEG,
EOG, EMG, ete.).

The method and system of the example embodiment also provide rules/strategy

35  for programmable and automated adaptation of level of difficulty (e.g. by the Graphical

: User Intetface (GUI) and Game). Furthermore, the parameters of the GUi/Game

preferably aliow the creation of a leaming curve (e.g. teve! of difficulty over time related

to training). Also, the presentation of the stimuli in a muiiiple sequence with additional

disturbance can be created during the fraining. These disturbances can bs auditory

40 or/and visual, and advantageously allowing active conirol of the level of difficulty. The

training game can also be tailored to cater for various aspects of attenfion (e.g. spatial,
verbal, object orientation) and to provide measures of adaptive learning.

The method and system of the example embodiment can be impiemented on

45  a computer system 800, schematically shown in Figure 8. It may be implemeniad as

software, such as a computer program being executed within the computer system

800, and instructing the computer system 800 to conduct the method of the example
emboediment.



5.The device as claimed in claim 4, wherein the adjusting of the 35relationship is such that a level of
difficulty of the game in the second period of time is proportional to the representative value over the

first period. v 29100616h1€ device as claimed in any one of the preceding sjaigsyyhigsgin the
extracting of the temporal features from the brain signals comprises. 40computing statistics of brain

waveforms in each of a plurality of electrode channels; and concatenating the statistics into a joint
feature vector. 7. The device as claimed in claim 6, wherein the statistics of the brain 45
waveforms are standard deviations. 8. The d&vice as claimed in any one of the preceding claims,

e e xtacHiD ahile:saiah ¥ el igglies ALNBRIPINSIRAR SRR ACext1actng
respective ygip §@@%99m@@at§ﬁ@ sisccetedsaniencingars isinadliesdaniss 4 abtain spectral
features of Bigtiagignelanansidppbiog a CSP algorithm to each of the spectral features using a CSP
array to obtain the spectral-spatial features of brain signals. 25. 9. The device as claimed in any

one of the precedﬁﬁ W%mﬁﬁtmé%éﬁr@mﬁé@@dm%ﬁ%’@[ﬁ%ﬁﬁwgé&gc‘ﬁﬁ\/%rts the

probablllstlcS %%H?fn EfH as?ﬁ%f i, IW %ﬁ@ ¥ 5‘ {pEHGd into a fixed
score range prlor “da cml%fq the acf? (r)&iﬁﬁasgc%r?lea ESE? 1. Ae %é?/lajggﬁgclawg\’ n any one of the
preceding claims, W@m%pmmym@i the fHst anshpRCanE Reres daivesthesthirdscore
compriges: Randoormediziagvie dins{RAN s 820nshdcoRssac Condiivetocan EuidjiéaxntyEsx, wherein x
is one of thefimstgeormiuthd82cysrl iscoidearal mipisd of eulOurih{den imtriferasdded deviation of
outputs fronF¥RBRRISHBRFSH§HHIRING SiTREECH Bivk!idfiRized S fedna, kewBoaT respectively:;

assigning ts wl and w2 to the normalized scores*x1, and x2, respectively; and

combining the norpaliZehSSASRRrARY $3mARCOFHIRGIO R AMBHRNHR A ikaRXRa WR (o give the

third score. interconnected bus 828 and in a manner known to the person skilled in the relevant
art.

The application program is typically supplied io the user of the computer
20 system BOO encoded on a data storage medium such as a CD-ROM or flash
memaory carrier and read willising a corresponding data storage meadium drive of a
data storage device 83C. The applicalion program is read and controlled in its
execution by the processor 818. Infermediaie siorage of program data maybe
accompiished using RAM 820.
28
Although the present invention has been mainly described with respect to ADHD
freatment, # can also find application for other mental disorders, such as depression,
degraded working memory, Mild Cognitive Disorder (MCI), Alzheimer Disease (AD), etc.
in addition, while the implementation of the present invention has been described as a
30 system, i can also take the form of a software program with CDROMDVD on &
compuier, a web-service over the infernet, ot a cartridge for a consoie, ete.

It will be appreciated by a person skilled in the art that numerous variations
and/or modifications may be made to the present invention as shown in the specific
35 embodimenis without departing from fhe spirit or scope of the invention as broadiy
described. The present embodiments are, therefore, fo be considerad in all respacts to
be illustrative and not restrictive.

40



11. The device as claimed in claim 10, whereln said weights w.[ and w2 are calg@ gcg,@g% 5197t0

~ the equation w=(yir where yi is a classification accuracy in classifying the extr ii{ res if
i =1 and in classifying 20the extracted spectral-spatial features ifi=2 and p p_> contro he power
~ of wi.in the calculation of the third score. - 12. The device as claimed in any one of the preceding

claims, wherein said 'classifier comprises one aizmore of a group consisting of a Linear 25
DrscrrmrnantdALrl is classifier, Neural Networks, Support Vector Machines, Fuzzy Inference System,
Tree-based classi |ers Fuzzy Type 2 and Relevance Vector Machine. 13. The device as claimed
in any one of the precedingiehristsr whereingGthe teviceitses Fainjegrdattct@@epesate parameters
for determinmgrsifigst score based on the extracted temporal features using a classifier, for
extractirty the spe ‘f@?%éfu%grﬁ"ﬁrﬁ or determrnlng the second score based
on the extracted s ﬁg&gﬁéﬁ%ﬂ%ﬁ? @cgl%s @mr r%hiﬁ i{gg as cc?gumed in .claim 13,
wherein sarqega;%rygge@ £EMRKRS: one or more of a group consisting prOJectr matrices of CSPs
for the CSP algorrthmamrmﬁtemﬁgraﬁe&hn@smahmwfaﬁwmh@@q@n mutual information

and a rddel for thenekssifie dsidtBinh @ d@@m@@@@’lﬁrhﬁeaﬂmclﬁrmgﬁ@mewbpmaem the use of
training data%ﬁ‘ﬁ@rf%?gt@ ar% t%'%sﬁtﬁﬁ{p!rsrses collec i training data,from subjects performing a set

of tasks and deterrﬁi egs \él@eamngﬁ CD" TN Dqgéjaéﬁ’@r%]@g hod for

generating &@%@é&ﬁ@ﬁ%@@f%ﬁd@@@i& it ertian &M@v&hﬁ methegueorwarising the steps of:
measurifig brain srm@&ffm#&ﬁ@a&ﬁaﬂmﬁﬂmg@mm felfaces from the brain signals;
determining a first score based on the extracted temporal features using a 50classifier; extracting

spectral-spafial feaﬁureg %EF?Q nAREBr 4 m%@ﬁﬁ%‘ in ¢l erﬁ%?ﬁ%“a@gﬁ%écéc@?é%ﬁg%d on the

_extracted spgcefrapspa 1a ea uresusing ac assr |e comblnlng the first and second scores to give a

third scgge; 26 3. calculdiagvive a@temmmomﬂaaaem rrebabiistinpsiatpgresenting a set of
~ third scores shithetsubjeciore rdapiveheadidstard Ipretentimgriaidrattention @‘dd)EeMe subject.

based on sard attantion score.

4, The devrce as ciarmed in cla:m 3, wherein the adjustrng of said one
25  parameter comprises:
‘ presenting said game using a relationship behvveen said attention score and
said one conirol parameter over a first period of fime;
determining a representative vaiue for the attention score of the subject over
- +the first pericd of fime, :
30 adjusting the relationship based on sazd rapresentstive vaiueg; and
' presenting said game using the modified relationship betwsen said attention
+ score and said one contro!l parametér over a sacond petiod of time.

5, The davice as claimed in claim 4, wherein the adju's’ting of the
35 relationship is such that a level of difficully of the game in the second period of ime is
proporticnal {o the representative value over the first period.

8, The device as claimed in any one of the praeceding daims, whersin
the extracting of the ternporal featuras from the brain signals comprises:
40 computing statislics of brain waveforms in each of a plurality of eiectrode
channeig; and:
concatenatmg the stafisfics into a jOlﬁ'E feature vector,

, 7. The device as claimed in claim 8, whersin the stafistics of the bram
45  waveforms are standard dewatxons

8. The device as claimed in any one of the precading claims, wherein
the extracting of the spectral-spatial features of the brain signals comprises:

&0 o
exiracting respective brain signal components in discrete frequenc
windows using filter banks {o obtain spectra!l featuras of brain signals; and
applying a CSP algorithm io sach of the spectral features using a CSP
array o obtain the spectrar—spatral faatures of brain signals.
.55 '

Amended Shest
IPEA/AU



517.The method as claimed in claim 16, wherein presenting said attention scorgé}ogh ject -
comprises-presenting said attention score in the form of a game. 18. Eg%%%% 9 edin
j

claim 17, wherein presenting said attention score to the subject comprises a Y least
one control parameter of 10the game based on said attention score. 19. The method as claimed
in claim 18, wherein the adjusting of said one parameter comprises: presenting said game

using a relationship between said attention score and Ic'saki orre control parameter over .a first period
oftime; ~ deter ining??giﬁ\é’ ﬁ{?é”ls‘ﬁqg% 6¢ tﬂréeé’&érr‘i‘?@:ﬁ ang gfat'ﬁ?ts‘[iﬁ fover the first

iod of ti € Mmeans rQoa uﬁs i £ ?é@esrégn seoreg conve e.ﬁm abihstic model resentin
perio ”}@péak%%%_ QPRSI HY LSRG RIS SRR IAUY BV Rl 6 A0 xed P ng
said game usipg taagvedified celatianst pdetwaat salattention 20score and said one control
parameger over a second period of time. 20. The method as claimed in claim 19, wherein the

adjusting of 'ﬁ% ﬁ@%ﬁng}%g ﬁ%@mﬁ ﬁ%%%f%ﬁ@&ﬁé ’%‘ﬁe%% %ﬁg@%t%%&@@&ﬁﬁ i@ period of time is
-proportiona : od. : S LHE ' I;gg as clgimed in
any one of s A4 0, WhEie b e B Al DS A 3t U Ik rein signale
cComprises: the ©eEWHIAGBRliNtcSafidfainovaveformscin eechiaéamphuralivofelgsiode channels;
and 30concatenitingtivvstetistieizrtcerjoink feetdrelsgstoctively; 22, The method as claimed in claim

21, wherein the st3f§iReEgf WRIIhEi N afotinstard stz zRistRe. 3628 Fh&method as

. . cively: . . .
claimed in alfy'She OFEIAHS 16 10,22, wherein the extiagting QLR PRepiral sppjiglfeatures of the
brain signals cemprises-exyiacting gspeglive brain signal components in discrete frequency windows
using filter banks to obtain spectral features. of brain signals; and applying a CSP algorithm to each of

the spectral featurds. usifgaSIPe4Sasiaipes %P@MH@’WN%&MFMMeQF@f%am signals.

24. The metfitid FLEERed: aéﬂ*'&ﬁ"ﬁ%@%%"@ﬁ?%ﬁ%‘%f@?@*h@ CHIERARG #he attention score
comprisgs VARG IHE TRARISHC RaaeLLePTEsealaY thesebahdiie Seares o fle subject over
the trial periggtiteA:lik@dn of the third score. ' _ _

12.  The device as claimed in any one of the preceding claims, wherein

~ said classifier comprises one or more of a group consisting of a Linear

25  Discriminant Analysis classifier, Neural Networks, Support Vector Machines,

Fuzzy Inference System, Tres-based classifiers, Fuzzy Type 2 and Relevance
Vector Machine. '

13.  The device as ciaimed in any ons of the preceding claims, wherein

30 ' the device uses itraining data to generate parameters for detemmining the first

score basaed on the extracted temporal features using a classifier, for extracting

the spectral-spatial features from brain signals, and for detemining the second
score based on the extracisd spectral-spatial features using a classifier. -

35 14. = The device as claimed in claim 13, wherein said ‘parameters

- comprise one or more of a group consisting of projection matrices of CSPs for -
the C8P algonthm, parameters for selecting speciral-spatial faatures basad on
muiual information and a model for the classifiers. '

40 18. The device as claimed in claims 13 or 14, wherein the use of
training data fo generate paramsters comprises: .
collecting traming data from subjects performing a set of tasks; and
determining said parameters via machine leaming methods.

45 18. A method for generafing a represertation of a subject's attention level,
the method comprising the steps oft : '
. measuring brain signals from the subject;
extracting temporal features from the brain signals;
determining a first score based on the extracted temporal features using a
50 classifier
extracling spectral-spatial feafures from the brain signals;
determining a second score based on the extracied spectral-spatial
features using a classifier;
combining the first and second scores fo give a third score;
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45score range prior to calculating the attention score. 25. The method as Qaﬁ? c% HO%% of
claims 16 to 24, wherein the combining of the first and second scores to give the

comprises: normalizing the first and second scores according to an equation - %‘éeg I%Qrg?n X is
one of the first score or the second score and m" and s are the mean and standard deV|at|on of
outputs from the classifiers using training samples, to give normalized scores xI,, and xe, respectively;

assigning weights w?, w2 to tt}he,cnormallz%d scores Xin res ctlvely, and 27
combining tg%&oc;{%ﬁé gzan@%%n mﬁi%gﬁﬁgfn a@ %ﬂ §?| VW-PWW?B%Ne the third

score. 26.The methed asisladmieddBrGaincsdns whesel Welghts wl and 5 w2 are calculated
according to the equatlon virp(y)P where yris a. cIaSS|f|cat|on accuracy in classifying the extracted
tempor&l features if7i = 1 Bisdriaterdszifgirigeddres@racifd Wirsen arsgritinb feziturtisnifidr= 2 and p (p>0)
controls the¥$58(Fd? BIaFHHIRCeaRiASTBIT BT THE f5irhEesten t62? e ifsihelrss®imed in any one of

Claims 16 to 26, whereingaid, glassifier complises:one: A BYe ngng{ 8%&9%’%5&'&% of a Linear
Discriminang Analysis=classtienrhisesalNeiwerkspepiost Meatordrabiies 4y dnference System,

Tree-bHsed tokagsifietsysetpp\sdiy pdtamdfetevance Vector Machine. 15 noThe method as dairned in
amy one of claims 16 to 27, the method further gg{,rggnses usma@tralnln data to generate parameters

for determlnlngam rr 83‘?8@%%?%38)@ "GripBRT teaRTesh8iRGsa e 19k ifier, for

extracting tHe Speg;r e’ﬁﬂﬁg}'% f@@%@m&rﬁglab,ramﬁgmalgeﬁagrt%e%ﬁém ing.ghe second score based
on the extragierbspeciabispadiaticadues isingaclassifier. 20 29. The method as claimed in

claim 28, wherein QaiwpmmteW§MM%@mfgfr trordstiangrovp dohsistinigabpsojection matrices

of CSPs for eSS HE SR, para eters r sele pectral-spatial features based on mutual
information 'and aiﬁg@ ?gé ﬁ%%ﬁ%}q o&:ﬁ}% Ezfﬁ% ?@ﬁﬁen San&e Lin.claims 28 or 29,
whereppusingHaiHagHAALIQ GRRerat gnmgam,g A S SARDFISRR: c%l];eé:tlng tralnlng  data from subjects
performing a set of tasks; and determining said parameters via machine learning methods. 30 31.

A computer storag%UmedT matiing storsmAgrisop gomisltehesite hreadisstinrdnsirizeting a computing
device to ex&EHR? hd‘f@e&% %lﬁfﬁﬁé@f@%ﬁfﬁ@ﬁ@iﬁf&?@%%&%eﬁﬁ%ﬁf"@'ﬁEIéi/el the method

i;ﬁ rtlonat 0 tgﬁ rep
compr%ng € Steps or: measuring orain sig nals from e su
21. The method as claimed in any one of ciaims 18 1o 20, whergin the
extracting of the temporal features from the brain signals comprises:
compufing statistics of bram waveforms in each of a plurdlity of elecirode
uhuﬁuafs and
36 concatenating the stattsizcs info a joint fea‘fure vector.

22. The method as claimed in claim 21, whprem ’fhe statistics of the
brain wavaforms are standard deviations. :

35 23.  The method as claimead in any one of claims 18 to 22, wharein the
extracting of the speciral-spafial features of the brain signals comprises:
extractlng respective brain signal components in discrete frequency
. windows using filter banks te obtain spectral features of brain signais; and
applying a CSP algorithm 1o each of the spsciral features using a CSP
40 array to obtain the spectral-spaiial features of brain signals.

“24. The method as claimed in any one of claims 16 io 23, wherein the
calcutating of the attention score comprises converiing the probabilistic model
representing the set of third scores of the subject over the trial period into a fixed’

45 score range prior to calculating the attention score.

25.  The method as claimed in any one of claims 16 io 24, wherein the
combining of the first and second scores to give the third score comprises:

normalizing the first and second scores according to an equation (x-

50 my)/Sy, wherein x is one of the first score ar the second score and m,, and s, are

the mean and standard devialion of oulputs from the classifiers using training
samplas, to give normalized scores X, and X, respeciively;

assighing weights wq and w; to the nommalized scores. X, and %,
respeciively; and
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35extracting temporal features from the brain signals;  determining a first scqf@pm%d@%
extracted temporal features using a classifier, extracting spectral-spatial featuges.fro 1@%@'@10
signals; . determining a second score based on the extracted spectral-spatial 40features using
a classifier; combining the first and second scores to give a third score; calculating an attention
score based on a probabilistic model representifig a set of thlrd scores of the subject over a trial

perlod and presenémbﬁﬂh% JHENMONSeUE LIhe %HE’JE ¢k 42 X according to an equation

Xar S WqtXag "W, 10 give the third score.

26, The method as claimed in claim 25, wherein said weights w, and
5 w, are calculated according fo the equafion w={y,)" where vy, is a classification
accuracy in classifying the extracted femporal features if i = 1 and in classifying
the exiracted spectral-spalial features if i = 2 and p {(p>=0) controls the power of w,
in ihe calculation of the third score.

. 1G 27, The method as claimed in any one of claims 16 1o 26 wharein said

: classn"ar comprises one or more of a group consisting of a Linear Discritninant

Analysis classifier, Neural Networks, Support Vector Machines, Fuzzy inference
Sysiem, Tree-based classifiers, Fuzzy Type 2 and Relevance Vector Machine.

15 28, The method as chimed in any one of cia%m's 16 1o 27, the method

' further comprises using training data to generate paramaters for determining the
first score based on the exiracted temporal features usmg a classifier, Tor
extracting the spectral-spatial features from brain signals, and for determining the

second scora based on the extracted spectrai-spafial features using a classifier.

ﬂD
[#]

o
or

20 : .

: 29.  The method as claimed in claim 28, wherein said parameters
comprise one or more of a group consisting of projection matrices of S8Ps for
the CSP algorithm, parameters for selecting spectral-spaiial features based on
muftual mformat:on and a model for the classifiers. '

25
30, The method as claimed in claims 28 or 28, wherein using trammg
data to generate parameters comprises:
collecting fraining data from subjects performing a set of tasks; and
determining said parameters via machine lsaming methods,
30 S
31, A computer storage medium having stored therson computer code
means for instructing a computing device to execute a method of generatmg a
representation of a subject's attention level, the method comprlsmg the sieps of
, measuring brain signats from the subject;
35 extracling temporal features from the brain signals;
determining a firs! score based on the extracted temporal features usmg a
classifier;

exiracting spectral-spatial features from the brain signals;

determmmg a second score based on the extracted spectra[~spai:za!
40  features using a classifier;

combining the first and second scores to give a third score;

calculating an aftention score based on a probabilistic modea) represantung

a set of third scores of the subject over a trial period; and

prasenting sald atienfion score to the subject.

45 A
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