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. A Method And System For Detecting At:tention:

FIELD OF INVENTION

The present invention reléteé broadly _td a method and system for detecting
attention. - L

' BACKGROUND © o S

Attention-deﬁciﬂhyperactiviiy'disorder (ADHD) is a psychatric condition and a

-neuro-developmenfa'l disorder with- various hyperactivity, impulsivity and inattention

symptoms. Stimulant medication is typically used for treatment but concerns over
medication are increasing in terms of, for example, effect size, adverse effects as well as
long-term efficacy. Therefore, alternative interventions for ADHD are desired.

An alternative treatment, Electroencephalographic (EEG) biofeedback (also
known as neurofeedback), has been researched since the 1970s. Neurofeedback is an
operant conditioning procedure in which a patient learns to self-control certain EEG
patterns while guided by real-time visual or acoustic representations of the EEG

patterns. This is discussed in D.J. Fox et. al, Neurofeedback: An alternative and

efficacious treatment for attention deficit hyperactivity disorder, Applied
Psychophysiology and Biofeedback, 30:365-373, 2005. Recent reviews can be found in,
for example, L. Thompson et. al., 'QEEG and neurofeédback for assessment and
effective intervention with attention deficit hyperactivit‘y disorder, In Introduction to
Quantitative EEG and Neurofeedback: Advanced Theory and Applications, pages 337-
364, Elsevier, 2 edition, 2009.

There are typically two major neurofeedback approaches, namely, self-regulation
of band powers and/or their ratios, and of slow-cortical potentials. However, the
neurofeedback techniques above are typically based on extrapolations from research
describing abnormal EEG patterns 'in subjects with“'ADHD.s Subh a generic model
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approach may not apply well to each and every patient. For example, in M. Thbmpson
et. al., Improving attention in adulis and children: Differing electroencephalography
profiles .and _impli'c'ati,ons for training, Biofeedback, 34;99-1Q5, 2006, it was discussed
that reg.a'rdless of age, each clie'nt/bétient is unique. Thus, the interverjtion should be

- customized.

A treatment method beyond the neurofeedback apprdach has been proposed. In

X - the .treatrhenf, individﬁUal subjects'} atfention conditions, decoded from EEG signals using
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oa subjéé‘c:éspéciﬂc attention detection model, are associated directly with a control signal
~ controls, significant improvement in' ADHD rating scores were observed especially in

in therapeutic video games. In afpilbt trial involving 10 intervention subjects versus 10

. inattentive symptoms.

However, it has been recognised that there are two main problems associated
with the above attention detection model/algorithm. Firstly, the attention detection model
is Sensitive to eye movement artefacts. That is, if a user biinks his/her eyes in a
concentration state, the algorithm produces false negatives. Thus, the user must
minimize eye blinks during playing of attention-driven video games, which can typically
be frustrating, especially during relatively fong time sessions. Secondly, it has been
found that the classification accuracy of the algorithr;w_ is relatively low for some subjects,
such that the specificity of attention detectién outcomes and the treatment effects may
be significantly limited. ' '

‘Hence, in view of the above, there exists a need for a method and system for
detecting attention that seek to address at least one of the above problems.

SUMMARY

In accordance with an aspect of the present invention, there is provided a
method of detecting attention of a subject, the method comprising detérmining'one or

- more user specific feature sets from Electroencephalographic (EEG) signals of the

subject; determining one or more pool data feature sets from the EEG signals of the
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-subject; identifying one or .more; features from each feature set for'differentiating -

attention/non-attention signalis; determining respective classification scores for each
feature set based on the identified one or more features; and combining the
classification scores to obtain a combined attention score for said detecting attention.

A first one'of the user specif c:feature sets may be based on each feature of the

o : feature set belng an average band-power over a tlme-wmdow of a differential potential

- ﬁ between two EEG channels coupled to the subject and a second one of the user specific
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i ;ffeature sets may be based on each. feature of the feature set being an average band-
" power over a tlme-wmdow of a. dlfferentual potential between two EEG channels coupled

to the subject after normalization to um-varlance

A first one of the pool data feature sets may be based on each feature of the
feature set being an average band-power over a time-window of a differential potential
between two EEG channels coupled to the subject as compared to EEG data of a pool
of eubjects and a sscond one of the pool data feature sets may be based on each

- feature of the feature set being an average band-power over a time-window of a

differential potential between two EEG channels coupled to the subject as compared to
said EEG data of the pool of subjects after normalization to uni-variance.

The step of identifying one or more features from each feature set may comprise

- maximising mutual information / between brain conditions C (either attention or in-

attentiveness) and EEG features 4 from the features sets using:

Pa. ‘”(aa 0))
1(4,C)= H(C)- H(C|4)=Y Lpa a,(a ®) og[—(a)Pw(@)}da

where H(C)is an attention condition variable @, and H(C|A) is a conditional

| entropy of an attention condition if the features are known, and a is a feature vector, and
_ P (or p) denotes a probability (or probability density)-function.

The step- of combining the classification scores may comprise _using a Fishier
linear discriminant (FLD) to combine the classification scores.
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In;accordance with another eepeCt of the present invention, there is provided a .

-system for attention detection of a subject, the system compﬁeing a processing module,
‘the processing module capable of determination of one or more user specific feature

sets from Electroencephalographic (EEG) signals of the subject; determination of one or
more pool data feature sets from the EEG signals of the subject; identification of one or
more features from each feature set for differentiating attention/non-attention signais;

i determination Of respective classifrcation scores for each feature set based on identified

= - one or more features and comblnatlon of the classification scores to obtain a combined
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: 3 attentlon score for sald attentlon detectlon
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A first one of the user specific feature sets may be based on each feeture of the

R feature_bset being an average band-power over a time-window of a _differenti_al potential

"between two EEG channels coupled to the subject and a second one of the user specific

feature sets may be based on each feature of the feature set being an average band-
power over a time-window of a differential potential between two EEG channels coupled

to the subject after normalization to uni-variance.

A first one of the pool data feature sets may be based on each feature of the
feature set being an average band-power over a time-window of a differential potential
between two EEG channels coupled to the subject as compared to EEG data of a pool

of subjects and a second one of the pool data feature sets may be based on each

. feature of the feature set being an average band-power over a time-window of a

differential potential between two EEG channels coupled to the subject as compared to
said EEG data of the pool of subjects after normalization to uni-variance.

The processing module mayfidentify one or more features from each feature set
by maximisation ef mutual information / between brain conditions C (either attention or
in-atfentiveness) and EEG features 'A from the features sets by utilisation of:

pa.o(a,m) |,
H(4,€)= H(C)- H(C|4) Z Lpa o(a, )10 gl——————(a)Pm(a))Jda
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where H(C)is an attention condition variable @, and H(C|4)is a conditional

entropy of an attention condition if the features.are known, and a represents a feature
vector, and P (or p) denotes a probability (or probability density) function.

The processing module méy'combine the classification scores by utilisation of a

; Fishieri linear discfiminant (FLD). :

fljniaccdrda:ncé with anothé"r'a'spect of the present invention, there is provided a

' corhpdter- readable data storage rhejdium having stored thereon computer code means

for instfucting a computer proceS'sdr to execute a method of detecting attention of a
subject, the method comprising determining one or more user specific feature sets from
Electroencephalographic (EEG) signals of the subject; deterrﬁining one or more pool
data feafur_e sets from the EEG signals of the subject; identifying one or more features
from each feature set for differentiating attention/non;attention signals; determining
respective classification scores for each feature set based on the identified one or more

. features; and combining the classification scores to obtain a combined attention score

for said detecting attention.

In accordance with yet another aspect of the present invention, there is provided
a method of detecting attention of a subject, the method comprising determining a
plurality of feature sets from Electroencephalographic (EEG) signals of the subject;

~_identifying one or more features from each feature set for differentiating attention/non-

attention signals; determining respective classification scores for each feature set based
on the identified one or more features, combining the classification scores to obtain a
combined attention score for said detecting attention; and wherein a first one of the

- feature sets is based on each feétdre of the feature set being an average band-power

over a time-window of a differential potential between two EEG channels coupled to the

subject and a second one of the féa_ture sets is based on each feature of the feature set

“being an average band-power over a time-window of a differential potential between two

EEG channels coupled to the subject after normalization to uni-variance.
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The feature sets may compnse user specific feature sets associated. to the

The feature sets may comprise pool data feature sets based on EEG data from a

: pooll of subjects. -

The step of |dent|fy|ng one: or more features from each feature set may comprise

j maX|m|smg mutual mformatlon I between brain conditions C (either attention or in-

f attentlveness) and EEG features A from the features sets usmg

;I(A €)= H(C)- H(c|A) Z [P w(a,w)log|-p—°’Mqu

(a)Po(@)

where H(C)is an attention jcondltlon variable @, and H (ClA) is a conditional

'entropy of an attention condition if the features are known, and a is a feature vector, and

P (or p) denotes a probability (or probability density) function.

The step of combining the classification scores may comprise using a Fishier
linear discriminant (FLD) to combine the classification scores.

in accordanee with another aspect of the bresent invention, there is provided a
system for attention detection of a subject, the system comprising a processing module,
the processing module capable of determination of a plurality of feature sets from

* Electroencephalographic (EEG) signals of the subject; identification of one or more

features from each feature set for differentiating attention/non-attention signals;
determination of respective classification scores for each feature set based on identified

one or more features; and combination of the classification scores to obtain a combined

attention score for said attention ‘det:ection;' and wherein a first one of the feature sets is

" based on each feature of the feature set being an average band-power over a time-

window of a differential potential between two EEG channels coupled to the subject and

- a second one of the feature sets is based on each feature of the feature set being an

average band-power over a time-window of a differential potential between two EEG
channels coupled to the subject after normalization to uni-variance.

-
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The feature sets may comprise user specific feature sets associated to the
subject. ‘

The feature sets may compnse pool data feature sets- based on EEG data from a

, pool of subjects

: :Th_e prcce'ssi_ng module mayb_identify one or more features from each feature set

by maXih'ii'saticn cf mutual inforrnafioh I between brain conditions C (either attention or

in-attentiveness) and EEG features A4 from the features sets by utilisation of: -

pa,a(a, ®) J i

(4= HO)-HEN)T, [ dniod Ze

where H(C)is an attent-ion condition variable o, and H(C|A) is a conditional

'entropy of an attention condition if the features are known, and a is a feature vector, and

P (or p) denotes a probability (or probability density) function.

~ The processing module may combine the classification scores by utilisation of a
Fishier linear discriminant (FLD).

In accordance with another aspect of the present invention, there is provided a
computer readable data storage medium having stored thereon computer code means
for instructing a computer processor to execute a method of detecting attention of a

“subject, the method comprising determining a plurality of feature sets from

Electroencephalographic (EEG) signals of the subject; identifying one or more features
from each feature set for differentiating attention/non-attention signals; determining

respective classification scores for each feature set based on the identified one or more

~ features; COmbining the classification scores to obtain a combined attention score for

said detecting attention; and whefein a first one of the feature sets is based on each
feature of the feature set being an average band-power over a time-window of a

- differential potential between two EEG channels coupled to the subject and a second

one of the feature sets is based on each feature of the feature set being an average
band-power over a time-window- of a differential potential between two EEG channels

coupled to.the subject after normalization to unl-varlance
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BRIEF DESCRIPTION OF THE DRAWINGS

Embodlments of the lnvent|on will be better understood and readily apparent to

fjone of. ordlnary sklll |n the art from the followmg wrltten descnptlon by way of example

b I,only, and in conjunctton W|th the draw:ngs in which:
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'Figuré 1(a) is-a 'schematic. diégram illustrating an attention training system in an

example embodiment.

Figure 1(b) is an enlarged view of a processing module of Figufe 1(a).

Figure 2 is a graph illustrating comparative detection accuracy in User Test 1 in

an example embodiment.

Figuré disa graph illustrafing comparative detection accuracy in User Test 2 in
an example embodiment.

Figure 4 is a schematic flowchart illustrating a method of detecting attention of a
subject in an example embodiment.

Figure 5 is a schematic diagram of a computer system for implementing a
method and system of detecting attention of a subject in an example embodiment.

DETAILED DESCRIPTION

Some portions of the description which follows are explicitly or impilicitly

‘présented in terms of algorithms and functional or symbolic representations of

operations on data within a computer memory. These algorithmic descriptions and
functional or symbolic representations are the means used by those skilled in the data
processing arts to convey most effectively the substance of thejr work to others skilled in
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" the art. An algorithm is here, and:ge:njerally, conceived to be a self-consistent sequence

of steps leading to a desired result. The steps are those requi‘ring physical manipulations
of physical quantities, such as eléctrical, magnetic or optical signals capable of being
stored, transferredj, combined, compared, and otherwise manipulated.

Unless specnﬁcally stated othenmse and as apparent from the following, it will be

B appremated that throughout the present specuflcatlon discussions utilizing terms such as

B scannmg, calpulatmg . “determining”, “replacing”, ‘generatlng-, |n|t|_aI|zmg.,

“outputting”, or the like, refer to fhe_-; action and processes of a computer system, or
similar electronic device, that manipulates and transforms data represented as physical

- quantities within the ¢omputer system into other data similarly represented as physical
quantities within the computer 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,
or may comprise a genéral 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 used with programs in
accordance with the teachings herein. Alterhatively, the construction of more specialized

. 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 aiso implicitly discloses a computer

‘ progr’am, in that it would be appai'ent to the person skilled in the art that the individual

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 progranﬁming language
and implementation thereof. It will be appreciated that a variety of programming

’ Iahguages and coding thereof may be used to implement the teachings of the disclosure

contained herein. Moreover, the computer program is not intended to be limited to any
particular control flow. There are many other variants of the computer program, which

can use different control flows without departing from the spirit or scope of the invention.
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Furthermore, one or more of the steps of the computer program may be
performed in parallel rather than sequentially Such a computer program may be stored

’ on any computer readable medrum The computer readable medium may include

,Lstorage devices such as magnetlc or optlcal disks, memory chips, or other storage

- devices swtable for interfacing with a general purpose computer. The computer readable
’-medlum may also |ncIude a hard-wwed medium such as exemplified in the Internet

' f'system or W|reless medium such as exemplified in the GSM mobile telephone system
j The computer program when Ioaded and executed on such a general-purpose computer
| effectlvely results in an apparatus that implements the steps of the preferred method.

" The invention may also be implemented as hardware modules. More particular,

*in the hardware sense, a module is a functional hardware unit designed for use with

other components or modules. For example, a module may be implemented using
discrete electronic components, or it can form a portion of an entire electronic circuit
such as an Application Specific Integrated Circuit (ASIC). Numerous other possibilities
exist. Those skilled in the art will appreciate that the system can also be implemented
as a combination of hardware and software modules.

in an example embodiment, an algorithm comprising computational models of
attention detection can address various artefacts, including those from eye-biinking and

- low quality EEG recordings.

‘In the example embodiment, continuous EEG signals are decoded into a time

3 sequence of attention scores that represent a user's conditions of attention at each

respective time point.

Figure 1(a) is a schematic diagram illustrating an attention training system in an
example embodiment. The system 102 can learn parameters and can be appiied in a

“video game. The system 102 comprises a calibration module 104, a processing module

106 and a therapy module 108.
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In the calibration module 1:04,; a subject/patient 110 provides EEG signals 112
while performing an instructed task 114. The task 114 comprises interleaved incongruent
stroop_tasks 116 and resting _taiskvs 118. The concurrent EEG signals 112 during

- - performance of th;e task 114 are r‘e_cordedusin’g, for example, a device from Neuroscan.
B The dévi:ce can comprise an EEG amplifier 120 coupled to a computer 122. The
: computer 122 adnﬁini‘sters the task 114 and maintains en EEG database 124.

Iin the exahple embodiment, the sampling rate of the device, which refers to the

speed of an énalc)g-digital converter of the device, is preferably set to no less than 100

Hz, more preferably about 250Hz. The sampling rate is chosen to contain useful EEG
fhythms. Two EEG channels of the id‘evice are used to measure electriéal potentials at
pre-frontal locations of the subject 110. In the example émbodimént, the two EEG
channels are connected to the left ahd right sides of the subject's 110 forehead. It has
been recognised that the frontal lobe of a brain and probably the parietal part contribute
to attention activities. This is discussed in J.V. Pardo et. al., The anterior cingulate cortex
médiates processing selection in the stroop attentional conflict paradigm, PNAS, 87:256-
259, 1990, which is inco'rporated herein by reference.

in the example embodiment, the incongruent Stroop tasks 116 are employed
because they preferably correspond to the executive attention network of the brain,

which may be related to inattentiveness in ADHD patients. This is discussed in M.M.

- Lansbergen et. al., Stroop interference and a_ttention-déﬁcit/hyperactivity disorder: a

review and meta-analysis, Neuropsychology, 21:251262, 2007, which is incorporated
herein by reference. On the other hand, for the resting tasks 118, the subject 110 is

- instructed not to pay attention to the game/task 114 or to anything else. Therefore, the

resting tasks 118 are expected to ge'nerate'more likely inattentiveness than in the Stroop

~ tasks 116.

in the example embodiment, the processing module 106 implements an

- optimisation algorithm 126. The optimisation or attention detection algorithm 126

comprises feature selection 128 and classification 130. It has been recognised that
selection of spatial-spectrum features may be a challenge in attention. detection. In the

- .. example embodiment, two sets of features are considered. - .
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in the ﬁrst set, set (a), each feature is the average band-power over a time-

‘ ‘window of the dlfferentlal potentlal between two EEG channels. In the second set, set
- (b), each feature is ‘the average band-power over a tlme-wmdow of the differential
N potentlal between two EEG channels after normahzatlon to uni-variance. The two sets
" (a) and (b) are chosen as such to capture the rhythmic power of each EEG channel or

that of Athe differential potential bet_ween the channels. It has been recognised that

'rhythmic powers are a source of information for determining brain activities from EEG.

To identify significant features for differentiating the attention/non-attention brain
signals, mutual information I/ between the brain conditions C (either attention or in-

attentiveness) and the selected EEG features 4 (from set (a) or (b)) is maximised as

follows: *

) N [ pa.ofa,@)
1(4,¢)= H(C)- H(C|4) _zw: Lpa,m(a,w)log[ﬂ(a)Pw(w)Jda (1)

where H(C)is the attention condition variable @, and H (C|A) the conditional entropy of

the attention condition if the features are known. Here a is a particular feature vector,
and P (or p) denotes the probab_ility (or probability density) function. Entropy is related to
the uncertainty of a random variable. Hence, the mutual information /(4,C)is the
reduction of uncertainty about attention conditions by knowing the EEG features. This is

discussed in T. M. Cover et. al., Eilements of Information Theory, Wiley, New York, 2nd
edition, 2006, which is incorporated herein by reference. The mutual information can be

_ estimated'usi'ng a Monte-Cario njefhod described in H. Zhang et. al., Spatio-spectral

feature selection based on robust mutual information estimate for brain computer
interfaces, In Annual International C_onference of the IEEE Engineering in Medicine and
Biology Society, pages 2391-2398, 2009, which is incorporated herein by reference.
Hence, optimum spectral filters can be selected from a number of pre-defined band-pass

* filters such that the mutual information is empirically maximized.

in the example embodiment, the identification of the features is separate in the
two feature sets, i.e. sets (a) and (b). A linear classifier-(e.g. a Fishier linear discriminant
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(FLD)) (compare 134, 138, 142, 146 of Figure 1(b)) is used tb map each feature set into

~a score. As attention is considered a positive class and inattention is considered a

- negative class, a higher score means a higher level of attention.

.Figure 1(b) i an enlarged;\‘/i'e:w of the processing module 106 of Figure 1(a). For

, éet l(a)‘, there is p_'rovided a subject-dependent feature extradion and selection module

- (a) 132 ;ahd a respective ciassiﬁer (S;a) 134, as a pair. For set (b), there is pfoﬁvid_éd a
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. subject-dependent feature extraction and selection modulé: (b) 136 and a reépective
" classifier (s.b) 138, as a pair. In addition to the two pairs of feature set/module 132, 136
“and respective classifiers 134, 138, another two pairs of feature set/module and

classifier are also considered. These are a global band-power feature extraction and
selection module (a) 140 and a respective classifier (g.a) 142 and a global band-power
feature extraction and selection module (b) 144 and a respective classifier (g.b) 146. The
two pairs of feature set/module 140, 144 and classifier 142, 146 are learnt from a pool of
users to allow exploration of cbrhmbn features in brain signals across different
subjects/user_s so as to improve the robustness of the system 102.

in the example embodiment, each pair of feature set/module and classifier
generates a single score. The four scores 148, 150, 152, 154 are combined into a joint
score vector. A Fishier linear discriminant (FLD) 156 is provided to take the joint score
vector as input and to provide a final attent'ion score 158 as output. The final attention
score 158 may be used for therapy purposes or as a means of game control (see -
numeral 162) in the therapy module 108 and/or for tuning the optimisation algorithm (see

, “numeral 160).

In the above described example embodiment, the algorithm can address :the two
issues of eye blinking artefacts and Iﬁw classification. It has also been found that the set
(b) pairs, i.e. numerals 136-138 pair and numerals 144-146 pair, are generally more
robust against blinking artefacts than the other two pairs for set (a).

In an example embodiment, a training/attention detection algorithm is provided.
As input to the algorithm, n samples of EEG segments extracted from attention and.non-
attention conditions are provided. The algorithm provides .as output subject-specific
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- feature extraction modules (s.a and s.b) (compare 132, 136 of Figure 1(b)) together with

vrespec:tiv:e classifiers (s.a and s.b) (compare 134, 138 of Figuré 1(b), and a classifier
R (compare 156 of Figure 1(b)) 'that combines the two subject-specific scores (com.pare
B 148 150 of Flgure 1(b)) together W|th scores generated by global models (compare 152,
154 of Flgure 1(b)) ‘

In the exa‘mple embodiment; as a first step, the algorithm learns/determines a

- subject-specific feature extraction module (s.a). This is achieved by computing the

average band poWers in the diﬁerenﬁal potential between the two EEG channels over a

time-window. In the example embodiment, seven 4Hz-wide frequency bands whose start

~ points are evenly distributed in the range from about 4Hz to about 28Hz are computed. A

greedy _iterative search procedure is then applied to identify the signiﬁcant features that
together produce’ the largest mutual information. Next, the algorithm learns a linear
classifier that maps the selectedfidentified features to class labels.

As a second step, the algorithm learns/determines another subject-specific
feature extraction module (s.b). The second step is substantially identical to the first step
except the algorithm normalizes each EEG channel to uni-variance in the time-window
before computing the band power features.

As a third step, the algorithm forms a joint score vector from the two classifier
outputs (compare 148, 150 of Figure 1(b) i‘n addition to two "global models" outputs

V(compare 152, 154 of Figure 1(b)). In the example embodiment, the global models are
~ built in-advance with substantially the same techniques in Step 1 and Step 2 but using
. an aggregated data pool from a plerality of subjects.

As a fourth step, the algorithm learns the linear classification that maps the joint
score vector to the class labels. The continuous output of the classifier (compare 156 of
Flgure 1(b)) is taken as the final- attentlon score (compare 158 of Figure 1(b)). The

classifier used in the example embodiment can include any classifier, for example, a

FLD.
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In an example implementatioh of the algorithm, 18 subjects were recruited into a

: user test study. Eech subject performed a Stroop test for collection of concentration/non-
' con'cehtretion EEG Signals In the ekample' the Stroop test comprises 20 pairs of Stroop
' ftask blocks and relaxatlon blocks In each Stroop task block of about 6 seconds in
. duratlon “the subject responded to a_question comprising approxxmately 6 seconds of
g Stroop test Each relaxation block matches in duration to the precedlng Stroop task
I'block

All the 18 subjects participeted in one round of user test. This ﬂrst round of user

test is denoted as User Test 1. Figure 2 is a graph illustrating the comparative detection

accuracy in User Test 1. The horizontal axis denotes the human subject number, for
example from 1 to 18 in User Test 1. The “All" item refers to the average result over all
the subjects in User Test 1. The vertlcal axis denotes the detection accuracy rate, i.e.
the number of EEG time windows. being misclassified versus the number of all the EEG
time windows. The “Org” bars denote the results generated by a prior-art method
published under WO/2009/134205, while the “new” bars show those by the atgcrithm of
the example embodiment.

in addition, eight subjects participated in an additional round of user test. This
additional round of user test is-denoted as User Test 2. Figure 3 is a graph illustrating
the comparative detection accuracy in User Test 2. '

~ In the example implemen_tation, overall, the statistics show that the subjects
achieved a high accuracy of 0.99+ 0.01 (in mean and standard deviation) in Stroop test
responses. The response time Was about 2.72+0.10 seconds (not shown). The user
performances indicate a satisfactory quality of the data. The proposed algorithm is
observed to deliver overall the highest detection accuracy in both user test cases (see
numerals 202 and 302). It can significantly improve the accuracy from a level of about

~ 70% to a level of more than about 85% (see numerals 202 and 302).

Furthermore, the continuous output of the algorithm was examined. It was found
that the algorithm is more robustagainst eye-blinking artefacts as compared to the prior-
art method and correctly produced positive scores durihg the concentration period.
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EFigure_ 4 is a schematic ﬂ¢w¢han 400 illustrating a method of detecting attention

ofa subject infanf example embodiment. At step 402, one or more user specific feature
f sets ére determined from Electroehc_ephalographic (E_EG). signals of the subject. At step
404, ohé’ﬁ or more pool data feature sets are determined from the EEG signals of the

subject. At stép 406, one or more features .from each feature set aré identified for
differentiating - attention/non-attention signals. At step 408, respective classification
scores for each feature set are determined based on the idenﬁﬁed one or more features.
At step 410, the classification scores are combined to obtain a combined attention score
for said detecting attention. '

In the above described example embodiments, a new algorithm can be provided
that sighificantly 'improves attention detection perfo'rmanc‘e:. Detection output can be
made insensitive to eye blinks and the algorithm can be used for attention training to
obtain significantly higher specificity of attention training and higher usability. |

The method and system of the example embodiments can be implemented on a

- computer system 500, schematically shown in Figure 5. It may be implemented as

software, such as a computer progrém being executed within the computer system 500,
and instructing the computer system 500 to conduct the method of the exampie
embodiment.

The computer system SOO comprises a computer module 502, input modules

- such as a keyboard 504 and mouse 506 and a plurality of output devices such as a

display 508, and- printer 510.

The computer module 502 is connected to a computer network 512 via a suitable
transceiver device 514, to enable access to e.g. the Internet or other network systems
such as Local Area Network (LAN) or Wide Area Network (WAN).

The computer module 502 in the example includes a processor 518, a Random
Access Memory (RAM) 520 and a Read Only Memory (ROM) 522. The computer
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“module 502 also includes a number of Input/Output (I/O) interfaces, for example /O
. interface 524 to the display 508, aﬁd /O interface 526 to the keyboard 504. '

:The Cqmp'onehts of the ci::orr:\puter; module 502 typically’ communicate via an

_ | interconnected bus 528 and in a manner known to the person skilled in the relevant art.
" The application program is typical.lyj,supplied to the user offth_e computer system 500

encoded on a data storage mediunj such as a CD-ROM or flash memory carrier and
read utilising a corresponding data Stbrage medium drive of a data storage device 530.
The applicati'on program is read and controlled in its execution by the processor 518.
Intermediate storage of program data maybe accomplished using RAM 520.

It will be appreciated by a person skilled in the art that ndmerous_variations

-~ andfor mbdiﬂcations may be madefto the present invention as shown in the specific

embodiments without departing from the spirit or scope of the invention as broadly
described. The present embodiments are, therefore, to be considered in all respects to

be illustrative and not restiictiva.
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'CLAIMS

f1 A method of detectlng attentlon ofa sub}ect the method comprising,

determlnlng one or more user specific feature sets from Electroencephalographic
(EEG) signals of the subject '

determlnlng one or more pool data feature sets from the EEG signals of the
subject; » o _

identifying one or more features from each feature set for differentiating
attention/non- attentlon signals;

determlnlng respective classmcatlon scores for each feature set based on the
identified one or more features; and ’ .

combining the classiﬂcatiorj ecores to obtain a combined attention score for said
detecting attention. o 4

2. The method as claimed in claim 1, wherein a first one of the user epeciﬂc

- feature sets is based on sach feature of the feature set being an average band-powsr

20

25

30

over a time-window of a differential potential between two EEG channels coupled to the
subject and a second one of the user specific feature sets is based on each feature of
the feature set being an average band-power over a time-window of a differential
potential between two EEG channels coupled to the subject after normalization to uni-

variance.

3. The method as claimed in claims 1 or 2, wherein a first one of the pool

~ data feature sets is based on each feature of the feature set being an average band-
_ power over a time-window of a differe_ntial potential between two EEG channels coupled

to the subject as compared to EEG data of a pool of subjects and a second one of the
pool data feature sets is based on-each feature of the feature set being an averege
band-power over a time-window of a differential potential between two EEG channels
coupled to the subject as compared to said EEG data of the pool of subjects after

" normalization to uni-variance.

4. . The method as cla’iimed in any one of claims 1 to 3, wherein the step of

identifying one or more features from each feature, set comprises maximising mutual
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g information 1 between brain conditidns C (either attention or in-attentiveness) and EEG

Ifeatures A from the features sets usrng

14.C)= H)- HC)-E [t o L0 |

(a)Po(@)

where H (C) |s an attentlon condltron variable @, and H (CtA) is a condltlonal

" entropy of an attentlon condition |f the features ‘are known, and ais a partrcular feature
.. vector, and P (or p) denotes a probabllrty (or probability density) function.

5. The method as claimed in any one of claims 1 to 4, wherein the step of

a ~combining the classification scores comprises using a Frshler linear drscnmmant (FLD)
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-to comblne the classrﬁcatlon scores.

- 6. A system for attentien detection of a subject, the system comprising
a processing module, the processing module capable of
| determination of one or more user specific feature sets from
Electroehcephalographic (EEG) signals of the subject;
determination of one or more pool data feature sets from the EEG signals
- of the subject;
identification of one or more features from each feature set for
differentiating attention/nbn?attention’ signals;
determination of respective classification scores for each feature set
based on identified one or more features; and
combination of the classification scores to obtain a combrned attention
score for said attention detection.

7. The system as claimed in claim 6, wherein a first one of the user specific
feature sets is based on each feature of the feature set being an average band-power
over a time-window of a-differential potential between two EEG channels coupled to the

- subject and a second one of the user specific feature sets is based on each feature of

the feature set being an average band-power over a time-window of a differential
potential between two EEG channels coupied to the subject after normalization to uni-

variance.
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_ 8 The system as clalmed in claims 6 or 7, wherein a first one of the pool

: data feature sets s based on each feature of the feature set being an average band-
'power over a t|me-W|ndow of a dlfferentlal potential between two EEG channels coupled

to the subject as compared to EEG data of a pool of subjects and a second one of the
pool data feature sets is based oneach feature of the feature set being an average
band-power over _a time-window of a differential potential between two EEG channels
coupled to the subject as compared to said EEG data of the pool of subjects after
normalization to uni-variance. |

9. The system as clalmed in any one of clalms 6 to 8, wherein the

. processing module identifies one or more features from each feature set by

 maximisation of mutual information I between brain cond|t|ons C (elther attention or-in-

attentiveness) and EEG features A from the features sets by utilisation of:

; _ : _ = a. M
14.0)=H(C)-HAA)=Z [ <“=“’)‘°g[pa<a>Pm<w>Jda

where H(C)is an attention _eondition variable @, and H (C|A) is a conditional

entropy of an attention condition if the features are known, and a is a particular feature
vector, and P (or p) denotes a ptobability (or probability density) function.

10. The system as claimed in any one _of claims 6 to 9, wherein the

~processing module combines the classification scores by utilisation of a Fishier linear

" discriminant (FLD).

25

- 30

11. A computer readable data storage medium having stored thereon
computer code means for instructing a computer processor to execute a method of
detecting attention of a subject, the method comprising,

determining one or more user specific feature sets from Electroencephalographic

-(EEG) signals of the subject;

determining one or more rpdol data feature sets from the EEG signals of the
subject; o '
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|dent|fyrng one or more features from each feature set for dlfferentratnng

: _ attentron/non-attentron srgnals

determmlng respectlve classn‘"rcatron scores for each feature set based: on the

identified one or more features; and

combining the classification scores to obtain a combihed attention score for said
detecting attention. L |

12. A method of detecting' attention of a subject, the method comprising,
determlmng a plurality of feature sets from Electroencephalographic (EEG)

' S|gnals of the subject

rdentlfylng one or more features from each feature set for dlfferentlatlng

ﬁ'attentlonlnon attentlon srgnals

determmmg respective classrf cation scores for each feature set based on the

identified one or more features;

combining the classification scores to obtain a combined attention score for said
detecting attention; and

wherein a first one of the feature sets is based on each feature of the feature set
being an average band-power oVer a time-window of a differential potential between two
EEG channels coupled to the subject and a second one of the feature sets is based on
each feature of the feature set being an average band-power over a time-window of a
differential potential between two EEG channels coupled to the subject after

.. normalization to uni-variance.

13. The method as claimed in claim 12, wherein the feature sets comprise
user specific feature sets associated to the subject.

14, The method as claimed in claims 12 or 13, wherein the feature sets

comprise pool data feature sets based on EEG data from a pool of subjects.

18. The method as claimed in any one of claims 12 to 14, wherein the step of

identifying one or more features :fr_om -each feature set comprises maximising mutual
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- _ infonnstion I betWee_n brain conditions C (either attention or in-attentiveness) and EEG
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features A from the features se’ts;osi‘vng:

. I(A,C)= H(C)— H(C|A)=Z Lpam(a,w)]og[pa—dqﬂJda

pe(a)Po(@)
where H(C)is an attention COndition variable @, ahd H (C|A) is a conditional

entropy of an attention condition if the features are known, and a is a partlcular feature
vector, and P (or p) denotes a probablllty (or probability density) function. -

- 16. The method as claimed in any one of claims 12 to 15, wherein the step of

- combining the classification scores compnses usmg a Fishier linear dlscrlmlnant (FLD)
-to comblne the classrﬁcatlon scores '

17.. A system for attention detection of a subject, the system comprising
a processing‘ module, the processing module capable of
| determination of a piurality of feature sets from Electroencephalographic

(EEG) signals of the subject;

identification of one or more features from each feature set for
differentiating attention/non-attention signals;

determination of respective classification scores for each feature set
based on identified one or more features; and

combination of the'classiﬁcation scores to obtain a combined attention
score for said attention detectlon and
wherein a first one of the feature sets is based on each feature of the feature set
being an average band-power over a time-window of a differential potential between two
EEG channels coupled to the subject and a second one of the feature sets is based on
each feature of the feature set being an average band-power over a time-window of a
differential potential between two EEG channels coupled to the subject after

normalization to uni-variance.

18. The system as clai:méd in claim 17, wherein the feature sets comprise
user specific feature sets associated to the subject. A
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: :19:. The system as clalmed in claims 17 or 18, wherein the feature sets

~ -comprlse pool data feature sets based on EEG data from a pool of subjec:ts

20. The system as claimed in any one of claims 17 to 19, wherein the
processing ‘modiile identifies onez ‘or more features from each feature set by
maximisation of mutual information I between brain conditions C (either attention or in-
attentiveness) and EEG features 4 from the features sets by utilisation of:

Da.0(a, @) J d"z
pa(a@)Po(@)

where H(C)is an attention condition variable @, and H(C|4)is a conditional

entropy of an attentlon condition |f the features are known, and aisa particular. feature
vector, and P (or p) denotes a probability (or probability densﬂy) function. .

21. The system as claimed in any one of claims 17 to 20, wherein the
processing module combines the classification scores by utilisation of a Fishier linear
discriminant (FLD).

22. A computer readable data storage medium having stored thereon
cdmputer code means for instruétirtg a computer processor to execute a method of
detecting attention of a subject, the method comprising,

determining a plurality of feature sets from Electroencephalographic (EEG)
signals of the subject;

identifying one or more features from each feature set for dlfferentlatlng
attention/non-attention signals;

determining respective classn‘"lcatlon scores for each feature set based on the
identified one or more features; | ‘ '

combining the classification scores to obtain a combined attention score for said
detecting attention; and

wherein a first one of the feature sets is based on each feature of the feature set
being an average band-power over a time-window ef.a differential.botential between two
EEG channels coupled to the subjeCt and a second one of the feature sets is based on

each feature of the feature set being an average band-power over a time-window of a
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_:diffe'réntial potential between two EEG channels coupled to the subject after

normalization to uni-variance.



