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(57) ABSTRACT

According to one aspect, there is provided a method for
assessing the treatment of attention-deficit/hyperactivity dis-
order (ADHD) in a subject, the method comprising: obtaining
electroencephalographic (EEG) data relating to a plurality of
subjects diagnosed with ADHD; extracting, for each of the
plurality of subjects, at least one feature from the EEG data
relating to that subject; formulating a prediction model by
performing regression analysis to map the extracted features
against one or more markers for each of the plurality of
subjects; and determining that the prediction model provides
an ADHD assessment if one or more of the markers are
indicators of a clinical measure of interest.
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METHOD FOR ASSESSING THE
TREATMENT OF
ATTENTION-DEFICITHYPERACTIVITY
DISORDER

FIELD OF INVENTION

[0001] The invention relates generally to a method for
assessing the treatment of attention-deficit/hyperactivity dis-
order (ADHD).

BACKGROUND

[0002] Attention-deficit/hyperactivity disorder (ADHD) is
a common psychiatric condition and a neuro developmental
disorder with various hyperactivity, impulsivity and inatten-
tion symptoms. Stimulant medication is widely used to treat
ADHD, but there are concerns like medication adverse
effects, as well as long-term efficacy. Therefore, alternative
interventions are called for to treat non-responders or a large
percentage of patients who do not accept/sustain stimulant
medication.

[0003] Electroencephalographic (EEG) biofeedback (ak.a
neurofeedback) is one such alternative treatment. It is an
operant conditioning procedure in which the patient learns to
self-control certain EEG patterns, guided by real-time visual
or acoustic representations of the EEG patterns.

[0004] There are basically two major neurofeedback
approaches, self-regulation of band powers and/or their
ratios, and that of slow-cortical potentials, which are moti-
vated by two groups of findings of EEG characteristics in
children with ADHD, one, the increased Theta and decreased
Alpha and Beta powers; and two, the differences in event-
related potentials.

[0005] Another treatment method explores beyond the neu-
rofeedback approach. Specifically, individual subjects’ atten-
tion conditions are decoded from EEG using a subject-spe-
cific attention detection model, and associated directly with
the control signal in therapeutic video games.

[0006] With existing techniques and tools, diagnosis is
made by assessing symptoms and testing attention, and the
severity is assessed based upon severity of symptoms. Chil-
dren mature at different rates and have different personalities,
temperaments, and energy levels. Most children get dis-
tracted, act impulsively, and struggle to concentrate at one
time or another. As symptoms vary from person to person, the
disorder can be hard to diagnose. For example, normal behav-
iours may be mistaken for ADHD. As there is no single test
can diagnose a child as having ADHD, a licensed health
professional needs to gather information about the child, and
his or her behavior and environment. In addition, treatment
severity is used as the basis for adjusting treatment including
dose of medication. This is difficult to obtain in a reliable
manner and involves collecting data from family, school and
others.

[0007] A need therefore exists to provide an objective
assessment of ADHD severity, which can be used to predict
ADHD treatment response.

SUMMARY

[0008] According to a first aspect, there is provided a
method for assessing the treatment of attention-deficit/hyper-
activity disorder (ADHD) in a subject, the method compris-
ing: obtaining electroencephalographic (EEG) data relating
to a plurality of subjects diagnosed with ADHD); extracting,
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for each of the plurality of subjects, at least one feature from
the EEG data relating to that subject; formulating a prediction
model by performing regression analysis to map the extracted
features against one or more markers for each of the plurality
of subjects; and determining that the prediction model pro-
vides an ADHD assessment if one or more of the markers are
indicators of a clinical measure of interest.

[0009] According to a second aspect, there is provided an
apparatus for assessing the treatment of attention-deficit/hy-
peractivity disorder (ADHD) in a subject, the apparatus com-
prising: at least one processor; and at least one memory
including computer program code, the at least one memory
and the computer program code configured to, with the at
least one processor, cause the apparatus at least to perform:
obtaining electroencephalographic (EEG) data relating to a
plurality of subjects diagnosed with ADHD; extracting, for
each of the plurality of subjects, at least one feature from the
EEG data relating to that subject; formulating a prediction
model by performing regression analysis to map the extracted
features against one or more markers for each of the plurality
of subjects; and determining that the prediction model pro-
vides an ADHD assessment if one or more of the markers are
indicators of a clinical measure of interest.

[0010] According to a third aspect, there is provided a com-
puter readable medium for assessing the treatment of atten-
tion-deficit/hyperactivity disorder (ADHD) in a subject, the
computer readable medium having stored thereon computer
program code which when executed by a computer causes the
computer to perform at least the following: obtaining electro-
encephalographic (EEG) data relating to a plurality of sub-
jects diagnosed with ADHD); extracting, for each of the plu-
rality of subjects, at least one feature from the EEG data
relating to that subject; formulating a prediction model by
performing regression analysis to map the extracted features
against one or more markers for each of the plurality of
subjects; and determining that the prediction model provides
an ADHD assessment if one or more of the markers are
indicators of a clinical measure of interest.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] Example embodiments of the invention will be bet-
ter understood and readily apparent to one of ordinary skill in
the art from the following written description, by way of
example only, and in conjunction with the drawings. The
drawings are not necessarily to scale, emphasis instead gen-
erally being placed upon illustrating the principles of the
invention, in which:

[0012] FIG. 1 shows a flowchart that illustrates a method
for assessing the treatment of attention-deficit/hyperactivity
disorder (ADHD) according to a first embodiment.

[0013] FIG. 2 shows an apparatus, according to a second
embodiment, for assessing the treatment of attention-deficit/
hyperactivity disorder (ADHD) in a subject.

[0014] FIGS. 3 and 4 are plots of the correlation between
change in ADHD rating scores from Week 0 to Week 20 for
ADHD inattention and hyperactivity symptoms, and a com-
bination of both.

[0015] FIG. 5 illustrates an exemplary application for the
above embodinients.

[0016] FIG. 6 shows a picture of a setup for brain computer
interface training.

[0017] FIG. 7 is a graphical representation of the change in
mean and standard error of ADHD-RS scores (ADHD rating
score, 4™ edition).
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DEFINITIONS

[0018] The following provides sample, but not exhaustive,
definitions for expressions used throughout various embodi-
ments disclosed herein.

[0019] The phrase “clinical measure of interest” may mean
parameters found in known rating scores, such as ADHD 1A
(ADHD—Predominantly Inattentive Type) rating scores
based on DSM IV (Diagnostic and Statistical Manual of
Mental Disorders-Fourth Edition).

DETAILED DESCRIPTION

[0020] In the following description, various embodiments
are described with reference to the drawings, where like ref-
erence characters generally refer to the same parts throughout
the different views.

[0021] FIG. 1 shows a flowchart 100 that illustrates a
method for assessing the treatment of attention-deficit/hyper-
activity disorder (ADHD) according to a first embodiment.
This methodology enables accurate clinical assessment using
EEG only or with EEG plus clinical data and facilitates plan-
ning and tracking of progress of BCI-based (brain computer
interface) treatment.

[0022] In step 102, electroencephalographic (EEG) data
relating to a plurality of subjects diagnosed with ADHD is
obtained. In step 104, for each of the plurality of subjects, at
least one feature from the EEG data relating to that subject is
extracted. In step 106, regression analysis to map the
extracted features against one or more markers for each of the
plurality of subjects is performed to formulate a prediction
model. In step 108, it is determined that the prediction model
provides an ADHD assessment if one or more of the markers
are indicators of a clinical measure of interest.

[0023] Instep 104, where features are extracted from EEG
data, this facilitates filtering of data that does not assist in
assessing ADHD, such as data relating to non-rhythmic pat-
terns. The regression analysis that is conducted in step 106 is
thus expedited. Regression is used for associating the features
with an ADHD severity score. The regression analysis pro-
vides a means to design and validate a regression model that
maps the extracted features to an assessment of ADHD. Inone
embodiment, regression may be casted as a tool for extrapo-
lating or interpolating associations between variables. The
results from step 108 provide for a score that may facilitate an
objective assessment of ADHD severity, based on docu-
mented parameters or guidelines.

[0024] The EEG data may be from EEG signals measured
by an EEG device, i.e. newly acquired data from an ADHD
treatment session of the plurality of subjects diagnosed with
ADHD. Clinically obtained ADHD scores (such as clinical
assessment data that represents the clinical rating of ADHD
severity) relating to the plurality of subjects may also be
retrieved and used as input to the regression analysis to for-
mulate the prediction model. The EEG data may be historical
EEG data from a plurality of subjects, such as those recorded
in previous ADHD treatment sessions or the previous medical
history of the plurality of subjects. Accordingly, the EEG data
may comprise historical EEG data relating to the plurality of
subjects and/or historical clinical data relating to the plurality
of subjects.

[0025] FIG. 2 shows an apparatus 200, according to a sec-
ond embodiment, for assessing the treatment of attention-
deficit/hyperactivity disorder (ADHD) in a subject.
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[0026] The apparatus of FIG. 2 provides for a BCI (brain
computer interface)-based methodology for ADHD assess-
ment and prediction. EEG data and clinical data (such as
clinically obtained ADHD scores relating to a plurality of
subjects) is acquired (denoted using reference numeral 202),
learned and key features extracted (denoted using reference
numeral 204) for the purpose of prediction.

[0027] EEG data may be acquired from specific calibration
sessions (denoted using reference numeral 202a), for
example, sessions of interleaved Stroop tests and resting
times. Clinical input is also acquired, for example from a
clinical data registration database 2025. This clinical input
may be clinical assessment data that represents the clinical
rating of the ADHD severity. The clinical data and EEG data
are stored and managed by a dedicated database, provided in
memory 212.

[0028] Discriminative rhythmic features (DRFs) are
extracted from the acquired EEG data using a complex-val-
ued spatial-spectral filtering (CSSF) technique (denoted
using reference numeral 204). Aspects of this CSSF will be
elaborated in the following paragraphs.

[0029] DRFs and, if needed, corresponding clinical data,
together with the history of one or both of the EEG data from
whichthe DRFs are obtained and the clinical data, serve as the
inputs to three measurement or prediction algorithms or pre-
diction models that produce three scores:

[0030] 1. BCI-based ADHD severity measure (BASM),
that represents the severity of ADHD at the time of EEG
recording and is also associated with a given specific clinical
measure of interest, for example, ADHD IA rating scores
based on DSM IV. This provides an ADHD severity score
208a at an instance of obtaining the EEG data for one subject;
[0031] 2. BCI-ADHD Response Predictor (BARP), or
ADHD predictor score 208c¢, that represents the estimated
improvement of ADHD condition in terms of BASM from the
time of EEG recording to a specified (pre-determined) time in
future. This provides an ADHD assessment score for two time
points, the first being an instance of obtaining the EEG data
for one subject and the second being another instance where
the EEG data has yet to be obtained; and

[0032] 3. ADHD Severity Change Predictor (ASCP), or
ADHD response score 208, that represents the estimated
improvement of ADHD condition in terms of BASM in
between two EEG recording times. This provides an ADHD
assessment score at two time points, being two instances of
obtaining the EEG data for one subject.

[0033] Each of the three above scores, being a category of
ADHD assessment, is the output of a respective prediction
model for a particular clinical measure of interest, whereby
the respective prediction model is formulated by regression
analysis mapping extracted features that are indicative of that
particular clinical measure of interest. Accordingly, a predic-
tion model that is formulated depends on the extracted fea-
tures that are mapped, so that the formulated prediction model
provides a different ADHD assessment score. Each respective
prediction model that provides one of the above three scores
is, in one embodiment, independently derived. On the other
hand, in another embodiment, the prediction model for the
ADHD response score and/or for the ADHD predictor score
may be based on the prediction model for the ADHD severity
score.

[0034] Thus, in one embodiment, a different prediction
mode] may be used to obtain each category of ADHD assess-
ment. In another embodiment, the prediction model used to
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obtain a first of the ADHD assessment (e.g. the ADHD
response score or for the ADHD predictor score) is based on
the prediction model used to obtain a second of the ADHD
assessment (e.g. the ADHD severity score).

[0035] The apparatus 200 includes: at least one processor
210 and at least one memory 212 including computer pro-
gram code. The at least one memory 212 and the computer
program code are configured to, with the at least one proces-
sor 210, cause the apparatus 200 at least to perform the
following:

a) obtain electroencephalographic (FEG) data relating to a
plurality of subjects diagnosed with ADHD (denoted using
reference numeral 202);

b) extract, for each of the plurality of subjects, at least one
feature from the EEG data relating to that subject (by an
extractor 204);

¢) formulating a prediction model (denoted using reference
numeral 206) by performing regression analysis to map the
extracted features against one or more markers for each of the
plurality of subjects; and

d) determining that the prediction model provides an ADHD
assessment (denoted using reference numeral 208) if one or
more of the markers are indicators of a clinical measure of
interest.

[0036] The EEG data may be from EEG signals measured
by an EEG device 214, such as newly acquired data from an
ADHD treatment session of the plurality of subjects diag-
nosed with ADHD. In addition, input for the regression analy-
sis may include clinical data relating to the plurality of sub-
jects, the clinical data being stored in the clinical data
registration database 2025b. The clinical data may be clinical
ratings based on EEG data recorded in previous ADHD treat-
ment sessions or the previous medical history of the plurality
of subjects.

[0037] The at least one feature extracted by the extractor
204 may be a discriminative rhythmic feature. The discrimi-
native rhythmic feature may be extracted using a complex-
valued spatial-spectral filtering technique.

[0038] In one embodiment, the complex-valued spatial-
spectral filtering technique may use an adapted form of Ray-
leigh coefficient as an objective function for system optimi-
zation.

[0039] The complex-valued spatial-spectral filtering tech-
nique may be a linear-phase technique. The linear-phase com-
plex-valued spatial-spectral filtering technique may include
transforming a segment of the EEG data into the frequency
domain; computing a spatial energy feature at each of a num-
ber of given frequencies using a linear-phase complex-valued
spatial-spectral filer and spectral coeflicients of the EEG data
segment; and summing computed spatial energy features over
a range of frequency points of interest to obtain a spatial-
spectral power feature.

[0040] Thespatial energy feature may be computed accord-
ing to the following expressions:

YWAM

and

YWAM
wherey s the spatial energy feature at a given frequency f; w,
is the linear-phase complex-valued spatial-spectral filter; x,
are spectral coefficients of the EEG data segment; and T
denotes a matrix transposition.
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[0041] More detail on the Rhythmic feature extraction via
linear-phase complex-valued filtering is provided below.

[0042] In one embodiment, a given EEG segment is trans-
formed into frequency domain. At a frequency f, compute
spatial energy feature by

VWA, (1
and
w=wa K ws]" [2]

where w,is the spatial filter, x,the spectral coefficients of
BEG. xhas linear phase

we=we® [3]

and

w=w{we,0) (4]
[0043] Adapt Rayleigh coefficient to be the objective func-

tion for learning

Z Z ,Bfwjt(wo, O)Xﬁx};Wf(W(), [9) 5]
Y00, 0) = e .
Z Z ,Bfwf(wo, Nxpr X wr(wp, 6)
vf
[0044] Numerical optimization may be used to solve the

maximization of the function. For larger number of param-
eters, the use of real-value solutions (i.e. constraint satisfac-
tion problem, CSP) may be performed as the initial step. The
responsive frequency band may be selected by filter banks
and mutual information-based criterion.

[0045] In another embodiment, the discriminative rhyth-
mic feature may be extracted using a filtering technique based
on a Bayes theorem. A feature extraction method using com-
plex-valued filtering technique with a Bayes theorem is
described below.

[0046] To obtain optimal rhythmic features, complex cross-
spectrum in EEG can be processed in the frequency domain.
Consider an EEG segment frequency representation by a
matrix Xe R "%, with n_ number of channels.

Xl i (6]

Xpel wor Kneng
J

where x,; denotes the discrete Fourier transform of the i-th
channel at frequency

i—1

wj=
4 Zi’lf s

with Fs as the sampling frequency.

[0047] At each frequency f, there can be a particular spatial
filter
welwi(fl, (] with w(f=ie ™9 M|
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[0048] Tere W, represents the magnitude of the complex-
valued coefficient j, while 0, the phase. Particularly, a linear
phase system is considered for the spatial filtering where the
phases can be expressed by

0,000 18]

[0049] The linear phase system ensures that all frequency
components have equal delay times. This can be important for
preserving phase synchronization patterns between channels
across the frequency components. Another benefit is the num-
ber of free parameters reduced by a factor of n, and this can
ease the optimization computation.

[0050] Consider w,as a function:
wulf, 6) v:/_)) [9]

- -
where 0 andWw are the array of 0,in Eq. [8] and W, in Eq. [7].
[0051] A DRF is the combination of the DRFs over all the
frequency components in a selected window £, ;.

10
y= Z WiRpwy el
fefset

where Rf is the covariance matrix of EEG at frequency f.
Consider Rayleigh coefficient for the objective function for
learning. Rayleigh coefficient relates CSSF to contrast of
rhythmic powers by describing the ratio between the energy
of the transformed EEG class 1 (w,) and that of class 2 (®,),
by a spatial filter w.

_ wTle [11]
v= wl Ryw

with R, and R, the covariance matrices for the two classes,
respectively. Let w, be the EEG class of interest, and o, the
other EEG class (idle state or other unrelated EEG class to
contrast). It can be seen that minimizing Rayleigh coefficient
is equivalent to enhancing the rhythmic attenuation feature in
®, in contrast to ,. Replace with w, and w, while maximiz-
ing the coefficient. Given a set of training samples, the empiri-
cal Rayleigh coefficient is given by

(6)

§* (ulr. 3.5 ol 3.5

o i=1
Y=

1
(ol 3.5) Ryual7.3.5)

S

=1

@ indicatestext missingor illegiblewhen filed

where Ry, or R is the complex-valued covariance matrix of
J-th EEG segment sample at frequency f in class w, or class
o ,; and the objective of learning is to minimize the empirical
Rayleigh coefficient, using readily available optimization
tools for example, optimization tool found in MATLAB for
the resolution to Eq. [13].
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—
3

5,\2}:argmin?

[0052] To find subject-specific rhythm for the most repre-
sentative features, filter-bank technique in the spectral
domain may be employed. Specifically, examining an array of
frequency bands that cover the full range of EEG related to
attention, and performing the above learning using each fre-
quency band for Eq. [6]. This is followed by selecting the best
frequency band for a particular task, e.g. for classification, the
largest mutual information between features and class labels
is selected (e.g. attention and non-attention), or for other
analysis the largest inter-class contrast of features between
two classes can be selected.

[0053] At this point, it is decided whether the use of com-
plex-valued covariance matrices (including phase informa-
tion) and complex-valued spatial filters lead to higher inter-
class contrast in mean value (i.e. Rayleigh coefficient, which
also determines classification accuracy) than real-value solu-
tions.

[0054] The theorem described in Egs. [19] to [29] under the
heading “Example” provided below establish that real-value
solutions are optimal only under a special condition, while
generally complex-valued solutions should be preferred.

[0055] The discriminative rhythmic features obtained are
used to compute three scores, namely: a BCI-ADHD severity
measurement (BASM); a BCI-ADHD response prediction
(BARP) and a ADHD severity change (ASCP).

[0056] To recap, the BASM provides an ADHD severity
assessment score at the time of recording EEG data. The
BARP provides an ADHD predictor score that predicts a
change in the ADHD severity assessment score from a par-
ticular point of time to a point of time in the future, so as to
provide an assessment of an ADHD treatment. The ASCP
provides an ADHD response score that shows a change in the
ADHD severity assessment score in between two EEG
recording times. A different regression analysis may be used
to obtain each of the ADHD severity assessment score, the
ADHD response score and the ADHD change score.

[0057] For computing BASM, the following regression
function f,,.,.(v), was constructed, where f,,. . is con-
structed to minimize the empirical error to a given score 0
which is the target ADHD severity rating score on inatten-
tiveness.

W [14]
min{ebm = foasm@) - 0;)2}
i=1

i

[0058] where i denotes one of the N subjects; and y, is the
mean feature vector of the subject.

[0059] For computing BARP, the following regression
function was constructed:

Farplorty) [15]

[0060] wheret, is the present time point (EEG recording for
y) and t, is the time for prediction of ADHD condition. And
Fsurp 18 constructed to minimize the empirical error to
empirical change of a given score 6 in the time frame.
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[16]
(foarr () = Oi(11) - 91'(10)))2}

min{ebarp =

i=1

[0061] For computing ASCP, we construct the following
regression function:

Jascp(Yos Y1, 1o, 1) [17]

[0062] wheret,andt, are two time points and y0and y1 are
the then feature vector. And fascp is constructed to minimize
the empirical error to empirical change of a given score 6 in
the time frame.

N [18]
MM Cparp = Z (Foarp(F;(0). F;01), T, 11) = (6:(01) — 9;(10)):‘2}

=1

[0063] The above regressions were validated to evaluate
their effectiveness, such as against EEG data obtained from a
brain-computer-interface device.

[0064] The evaluation is based on a prospective single arm,
open-label study. Participants in this validation, underwent 24
individual BCI intervention sessions over 2 months (3 ses-
sions per week), followed by 3 months of once-monthly
booster sessions, according to a manual protocol. Each ses-
sion lasted 30 minutes. They were last assessed at 6 month
after the first visit. Observers (e.g. parents of) of the partici-
pants completed the ARS-IV (ADHD Rating Scale-IV) at
baseline, 2, 5 and 6 months. A parametric computation model,
which mapped EEG signals into a numerical value (the BCI
score) that indicates the subject’s attention level, was built
from the EEG data collected from a calibration session. Dur-
ing calibration, subjects completed a colour Stroop task inter-
spersed with resting conditions. These tasks represent atten-
tion and non-attention states of the subject. The parametric
computation model included a filter bank array and a linear
regression. The filter banks decompose EEG into a continu-
ous array of frequency sub-bands that cover the range from 4
Hz 1o 36 Hz. Machine learning techniques were used to derive
a linear regression mapping from the band powers into the
BClI score. This model was built in a subject-dependent man-
ner to capture specific EEG characteristics for each indi-
vidual.

[0065] FIG. 3 plots the correlation between BASM (Week
0) and the change in ADHD rating scores from Week 0 to
Week 20 for ADHD inattention (denoted using reference
numeral 302) and hyperactivity (denoted using reference
numeral 304) symptoms, and a combination of both (denoted
using reference numeral 306). The plots show that a linear
form of f,,,,, will be able to achieve significant correlation
with the changes. This linear prediction model, formulated
from EEG data and clinically obtained ADHD scores may be
applied for ADHD assessment of a new subject.

[0066] FIG. 4 plots the correlation between the change of
BASM and the change in ADHD rating scores from Week 0 to
Week 20 for ADHD inattention (denoted using reference
numeral 402) and hyperactivity (denoted using reference
numeral 404) symptoms, and a combination of both (denoted
using reference numeral 406). Here the BASM is the same
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BCl score as above. The plots show that a linear form of T,

will be able to achieve significant correlation with the
changes.

[0067] From the above, a BCI-based tool for objective
ADHD clinical assessment and treatment responses using
EEG and/or clinical data is provided. Various embodiments
execute machine learning of both EEG data and clinical data,
wherein EEG data may be based on Stroop test vs. resting
protocol from a large pool of subjects; and the Clinical data is
based on specific clinical ratings or their derivatives such as
DSM-IV from a large pool of subjects. A feature extraction
method, for example using complex-valued filtering tech-
nique, may be used to obtain features from this EEG data and
clinical data and regression performed for associating the
extracted features with EEG severity.

[0068] Various embodiments provide an apparatus that
computes ADHD severity measure which represents the
severity of ADHD at the time of EEG recording and is also
associated with a given specific clinical measure of interest. A
BCI-ADHD response predictor is computed which represents
the estimated improvement of ADHD condition in terms of
BASM from thetime of EEG recording to a specified time. An
ADHD Severity Change Predictor is computed which repre-
sents the estimated improvement of ADHD condition in terms
of BASM in between two EEG recoding times.

[0069] The apparatus enables accurate clinical assessment
using EEG only or with EEG plus clinical data and facilitates
planning and tracking of progress of BCl-based treatment.

[0070] The apparatus provides a BCI-based methodology
for ADHD clinical assessment and treatment predictions that
acquires and stores subject-specific EEG data and clinical
data; performs machine learning and extraction of discrimi-
native rhythmic features (DRFs) from EEG using special
complex-value spatial-spectral filters.

[0071] The apparatus learns and applies a regression func-
tion that maps EEG features and/or clinical data into a score
named BCI ADHD Severity Measure (BASM), which repre-
sents the severity of ADHD at the time of EEG recording and
is also associated with a given specific clinical measure of
interest.

[0072] The apparatus learns and applies a regression func-
tion that maps EEG features and/or clinical data into a score
named BCI-ADHD Response Predictor (BARP), which rep-
resents the estimated improvement of ADHD condition in
terms of ASM from the time of EEG recording to a specified
time.

[0073] The apparatus learns and applies a regression func-
tion that maps two sets of EEG features recorded at different
times and/or clinical data into a score named ADHD Severity
Change Predictor (ASCP), which represents the estimated
improvement of ADHD condition in terms of ASM in
between the two EEG recoding times.

[0074] FIG. 5 illustrates an exemplary application for the
above embodiments. In an embodiment, BASM is provided
by a BCl-based ADHD assessor and predictor 502 to screen-
ing devices and services 504. These screening devices and
services 504 acquire EEG data from subjects 506 with
ADHD. BASM may also be provided by the BCl-based
ADHD assessor and predictor 502 to an ADHD diagnostic
tool 508. BARP and ASCP may be provided by the BCI-based
ADHD assessor and predictor to an ADHD treatment and
management analyser 510. The analysis performed by the
screening devices and services 504, the ADHD diagnostic
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tool 508 and the ADHD treatment and management analyser
510 may be used for further analysis by home-based attention
training equipment 512.

[0075] A third embodiment also provides a computer read-
able medium for assessing the treatment of attention-deficit/
hyperactivity disorder (ADHD) in a subject. The computer
readable medium has stored thereon computer program code
which when executed by a computer causes a conputer to
perform at least the following: obtaining electroencephalo-
graphic (EEG) data relating to a plurality of subjects diag-
nosed with ADHD; extracting, for each of the plurality of
subjects, atleast one feature from the EEG data relating to that
subject; formulating a prediction model by performing
regression analysis to map the extracted features against one
or more markers for each of the plurality of subjects; and
determining that the prediction model provides an ADHD
assessment if one or more of the markers are indicators of a
clinical measure of interest.

Experiments and Discussion

[0076] A study was conducted having the following inclu-
sion and exclusion criteria:

[0077] Inclusion criteria: A subject was eligible for inclu-
sion in the study only if all the following criteria applied at
pre-study screening:

[0078] Subject’s age was within the age range of 6-12
years old,;

[0079] Subject had never received treatment with stimu-
lant medication

[0080] or Atomoxetine;

[0081] The subject should satisfy the following criteria

for the
[0082] diagnosis of ADHD:

[0083] 1) DSM-IV-TR criteria for ADHD, either the
combined or inattentive subtype, based on clinical
assessment

[0084] i) Diagnostic Interview Schedule for Children
(DISC), as

[0085] completed by the parents;

[0086] Written Informed Consent from parent and
Assent Form from

[0087] child were both obtained;

[0088] Subject and the parent/guardian were willing to
comply with study procedures and were able to return to
the clinic for scheduled visits.

[0089] Exclusion criteria: A subject was not eligible for
inclusion in the study if any of the following criteria applied
at pre-study screening:

[0090] Present or history of medical treatment with
stimulant medication and Atomoxetine;

[0091] Co-morbid severe psychiatric condition or
known sensorineural deficit e.g. complete blindness or
deafness (such that they could not play computer

games);
[0092] History of epileptic seizures;
[0093] Known mental retardation (i.e. 1Q 70 and below);
[0094] Predominantly Hyperactive/impulsive subtype of

ADHD (i.e. no predominant inattentive symptoms).
[0095] 20 participants were recruited for the study, includ-
ing 16 males and 4 females. The mean age was 7.80 (SD=1.
40, range 6-11). There were 17 Chinese, 2 Eurasians and one
Malay. Fourteen children were diagnosed to have the com-
bined subtype of ADHD based on C-DISC, and the other 6
had the inattentive subtype of ADHD.
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[0096] The BCI-Based Attention Training Game System
[0097] The BCI system consisted of a headband with
mounted dry EEG sensors (manufactured by Neurosky, Inc)
that transmitted EEG readings to the computer through Blue-
tooth-enabled protocol. The headband was worn around the
forehead, with a grounding reference electrode clipped to the
earlobe (see FIG. 6).

[0098] Two dry EEG electrode sensors positioned to detect
the EEG pattern from the frontal sites FP1 and FP2 were
mounted on a headband. The advanced signal processing
techniques in the brain-computer interface can pick up useful
information about attentional activities from the frontal EEG
recorded at sites Fp1 and Fp2.

[0099] The possible effects of noise or artifacts such as
extraocular activity on the EEG were considered and reduced
in the BCI system. Since the noise and artifacts were gener-
ally uncorrelated with the attentiveness and in-attentiveness
conditions, they were filtered out in our machine learning
algorithm that extracted only discriminative features from
EEG between the two conditions. To further reduce the elec-
trooculography artifacts, a virtual EEG channel was added,
which was the differential potential between Fpl and Fp2. As
a result, the system was not affected by normal eye move-
ments.

[0100] Calibration:

[0101] Prior to playing the video game (CogoLand), which
was the main training activity, each participant underwent
individual calibration using a colour Stroop task on the BCI-
based attention training game system. During calibration, the
participant performed the colour Stroop task to develop an
individualized EEG profile of the optimal attentive state. The
colour Stroop task required one to use the mouse to click on
the name of the colour in which a word was spelt, and not the
colour that the word spelt.

[0102] The BCl-based attention training game system ana-
lyzed the critical EEG parameters during the correct attempts,
compared to that when the participant was relaxing, to derive
an individualized EEG pattern representing the participant’s
most attentive state

[0103] Playing the Game

[0104] A computerized 3D graphic game, CogoLand was
developed specifically as the training game. In CogoLand, the
participant controlled an avatar via the signals detected by the
EEG electrodes. This was computed into a BCT ADHD Sever-
ity Measure, or BASM (see next section for details of its
computation). The BASM was then transformed to a score
ranging from O (minimum attention) to 100 (maximum atten-
tion), which was reflected on the computer screen. The par-
ticipant would hence need to ‘concentrate’ in order to move
the avatar, which would move at a speed proportional to the
participant’s attention level as measured by the BCI-based
attention training game. The ‘higher’ the concentration level
of the participant was, the higher would be the speed of the
avatar’s movement. There were three difficulty levels in
CogoLand. The main goal of the first level was to make the
avatar run around an island in the shortest time possible. The
next two levels had an additional component where the child
needed to collect a series of fruits floating in the air as the
avatar navigated through a pre-determined route in a colorful
town. The child would use a specific key on the keyboard to
make the avatar jump to collect the fruits which would appear
along the journey. The child was asked to collect as many
fruits as possible within a given timeframe, after which the
number of fruits collected was entered into a personal log-
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book. At the third level the child had to collect the fruits in an
order presented on the screen. A short break was allowed
between attempts. For each training session, the individual
would complete 30 minutes of training, including the breaks.
[0105] BCI ADHD Severity Measure (BASM).

[0106] All raw EEG data obtained during calibration with
the Stroop task was analyzed by the BCI system. It was
screened to detect any abnormality in the EEG recordings,
such as disconnected electrodes and saturated digital
samples. Any abnormal EEG readings, including the readings
within two seconds from the occurrence of the abnormality
were excluded from analysis. The system then extracted dis-
criminative rhythmic power features from the screened EEG
using spatial-spectral filtering.

[0107] Thesystemexamined an array of 8 frequency bands,
continuously covering from 4 Hz to 30 Hz. This arrangement
notonly covered traditional EEG bands from theta to beta, but
also had a finer grid of frequency bands. Band powers were
computed using the following procedure. First, the EEG data
was segmented into a continuous sequence of 2-second long
time blocks; in each block, power spectrum was computed
using a 256-point Fast-Fourier-Transform technique; a spe-
cific band power was calculated as the sum of the spectrum
powers at all the discrete frequencies in the band; and the
specific band power was the average value of the band power
over the time blocks. The band power was calculated for each
EEG channel separately, in addition to the differential poten-
tial between the two channels.

[0108] The BCI system then selected the band power fea-
tures for maximizing the separation between attentive and
inattentive states according to the information theory. A
regression function would be applied by the BCI system to
transform the selected features into a BASM score, which
represented the severity of the inattentive symptoms of
ADHD at the time of EEG recording. The BASM score was
inversely proportional to the severity of the inattentive symp-
toms and the lower the BASM score, the more inattentive the
individual was.

[0109] Treatment Program

[0110] This BCI-based attention training game system was
used as an intervention program (the BCI-based attention
training program), which comprised of an intensive phase
with 3 training sessions weekly for 8 weeks, followed by a
maintenance, phase with once-monthly booster training ses-
sions for 3 consecutive months. At the end of every alternate
training session starting from the second session, each par-
ticipant would complete 2 short English and Mathematic
worksheets consisting of multiple choice type questions on
the computer. These worksheets were appropriate to their
educational level and took approximately 10 minutes to com-
plete. Each participant was instructed to concentrate like
when they were playing the games, and their EEG was moni-
tored during this period. Treatment was administered by 3
therapists trained to fit the headband and administer the BCI
based training program. All the therapists had obtained at
least a graduate degree in psychology, and they administered
treatment according to a standardized treatment protocol.
Calibration was done at weeks 0, 4 and 8.

[0111] Study Outcome Measures

[0112] At baseline, parents completed the 18-question
ADHD Rating Scale, 4th edition (ADHD-RS). The ADHD-
RS was based on the DSM-IV criteria for ADHD and con-
sisted of nine inattentive and nine hyperactive-impulsive
symptoms, with a four-point scale (O=never [less than once a
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week], 1=sometimes [several times a week], 2=often [once a
day], and 3=very often [several times a day]). Three measures
were taken from the ADHD-RS: inattentive (TA) score (0-27),
hyperactive-impulsive (HI) score (0-27) and combined
(COM) score (0-54). The ADHD-RS was completed again at
the end of weeks 4, 8, 20 (post-boosters), and 24. The primary
outcome measures were the changes in ADHD-RS at weeks 8
and 20, compared to the baseline, to examine the efficacy of
the intensive training and booster training sessions respec-
tively. Additionally EEG information was collected during
each training session to examine for any significant EEG

change.
[0113] Results
[0114] Study Completion and Dropout

[0115] There were 17 (85%) subjects who completed the
entire study. One boy dropped out before 4 weeks, as the
parent felt there was no improvement in the child’s behaviour.
Two other boys dropped out between 4 and 8 weeks due to
difficulty adhering to the treatment schedule.

[0116] ADHD Rating Scale-IV Results

[0117] Intention-To-Treat (ITT) analyses was conducted
on the results and excluded the subject who dropped out
before week 4 as there was no follow up data at all. We carried
forward the last available observation (behavioural rating)
where appropriate.

[0118] Multiple imputations using Markov chain Monte
Carlo and a per protocol analysis including only subjects who
completed the study were also conducted and the results did
not show much difference from that based on the last obser-
vation carried forward method.

TABLE 1

ADHD rating scale IV (ARS-IV) inattentive (IA), hyperactive-impulsive
(HI) and combined symptoms (COM) total raw scores as rated by parents

Inattentive Hyperactive-

(1A) Impulsive  Combined {COM)

Week 0 Sample Size 19 19 19

Mean (SD)  17.7(50) 156 (3.9) 33.4(7.8)
Week 8 Sample Size 19 19 19

Mean (SD)  13.1(50) 109 (4.4) 24.1 (8.5)
Week 20 Sample Size 17 17 17

Mean (SD)  13.6(45) 102 (5.1) 23.8 (8.9)
Week 24 Sample Size 17 17 17

Mean (SD)  12.6(34) 105 (4.3) 3.1 (69)
[0119] Table 1 summarizes parent-rated ADHD-RS scores

at various study visits for the participants included in the
analysis. No deviation from normal distribution was found for
the ADHD-RS scores using both normality tests and graphic
methods. Changes of these scores at week 8 and 20 from
baseline were assessed by the paired t-test. Similarly, mean
changes in these scores at week 20 from week 8 and changes
at week 24 from baseline were analyzed to determine any
booster effect and long-term effect, respectively. At week 8,
the mean (SD) change compared to week 0 for inattentive
(IA) symptoms was 24.6 (5.9) and the median (range) change
was 23.0 (217.0, 4.0). It was shown that this median change
was statistically significant (p=0.003). Similarly, the mean
changes in parent-rated hyperactive impulsive (HI: mean
change=24.7 (5.6)) and combined (COM: mean change=29.3
(11.0)) symptoms were statistically significant (p=0.002 for
both HI and COM).

[0120] There was no statistically significant change in
parental observation of inattentive and hyperactive-impulsive
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symptoms on the ADHD-RS at 20 weeks compared to 8
weeks, or at 24 weeks compared to 20 weeks. When exam-
ining the ratings at 24 weeks, compared to the baseline score,
there was significant improvement in parent-rated inattentive
and hyperactive-impulsive symptoms (mean changes=25.0
(5.8) and 25.7 (5.1) respectively and p=0.01 for both IA and
HI). These results appear to suggest that monthly booster
training for 3 consecutive months after an intensive 8-week
training did not significantly improve inattentive or hyperac-
tive-impulsive symptoms further. The behavioural benefits
from the intensive training at 8 weeks were sustained at 24
weeks. The child’s age and gender did not have any statisti-
cally significant effect on ADHD-RS scores in this study.
[0121] FIG. 7 is a graphical representation of the change in
mean and standard error of the ADHD-RS scores as rated by
parents over the 24 weeks duration of the study.

[0122] EEG Results

[0123] EEG data from the calibration/re-calibration ses-
sions was used (at week 0 and 20) and examined the BASM
scores. The 3 participants who dropped outbefore week 8 and
3 other patients who had missing EEG data at Week 20 were
excluded. Thus, a total of 14 participants from the original 20
recruited were analysed. When comparing the BASM scores
at Week 0 and at Week 20, there was an increase in the mean
score (standard deviation) from 60.9 (81.0) to 96.9 (64.7),
although paired t-test showed that the change was not statis-
tically significant (mean change=32.5 (60.8), p=0.067).
[0124] Predictors of Clinical Outcome

[0125] Linear regressions showed that baseline 1A, HI and
COM scores statistically significantly predicted their respec-
tive changes of ADHD rating scale scores from week 0 to 8 (b
(SE)=20.7 (0.2), 20.9 (0.3) and 20.9 (0.3) respectively and
p=0.013, 0.008 and 0.007 respectively). Thus, a higher score
onthe ADHD-RS at baseline predicts greater improvement at
week 8. The possible correlations between the change in
BASM scores and the changes in scores on ADHD rating
scale from Week 0 to Week 20 were investigated. Correlation
analyses performed in FIG. 8 showed that there were strong
negative correlations between changes in these two scores
(Spearman’s correlation coeflicients were 20.646, 20.519,
and 20.617 for 1A, HI and COM respectively). This was
statistically significant for both IA (p=0.013) and COM (p=0.
019), but not for HI (p=0.057). In other words, increasing
BASM scores was associated generally with decreasing
ADHD scores. Age, gender or ADHD subtype was not found
to predict the ADHD-RS changes at weeks 8 or 20.

[0126] Discussion

[0127] The study evaluated a BCI-based attention training
program, according to various embodiments, which included
dry sensors and blue tooth technology in place of EEG leads
with a game Cogoland, in the treatment of combined and
inattentive subtypes of ADHD. The results showed that an
8-week intervention significantly improved inattentive symp-
toms of ADHD, based on a behavioural rating scale by par-
ents. Among children with the combined subtype of ADHD,
parents also reported a significant improvement in their
hyperactive-impulsive symptoms on the ADHD Rating
Scale. When these children received monthly training ses-
sions subsequently, the behavioural improvements were sus-
tained but did not further improve. Those with more severe
symptoms were also the ones who showed greater improve-
ment.

[0128] Itwas found that the change in BASM score corre-
lated with the change in behavioural rating score by parents.
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This provided some evidence that the improvement with
training, as reflected by the BASM score, might explain the
improved ADHD symptoms reported by parents. The BASM
score also appeared to be a good surrogate marker for
observed inattentive behaviour.

[0129] The results show a refinement from previous work
that looked at specific EEG bands. Neurophysiological stud-
ies have previously shown that children with ADHD exhibit
specific patterns on the electroencephalogram (EEG) and this
has been utilized clinically to diagnose, treat and even predict
response to treatment with medication [14,15,16,17,18].
EEG studies of children with ADHD showed the majority to
exhibit abnormal patterns of resting cortical activity includ-
ing increased slow-wave activity (primarily theta waves),
decreased fast-wave activity (primarily beta waves) and
increased beta-theta ratio.

[0130] These findings are consistent with the inattentive
symptoms exhibited in ADHD, as beta activity is associated
with concentration or mental activity whereas theta activity is
associated with drowsiness. During the performance of cog-
nitive tasks, children with ADHD exhibit EEG changes simi-
lar differences compared to normal matched controls.
Through childhood EEG, it was also possible to predict those
atrisk ofhaving ADHD symptoms which persisted into adult-
hood.

[0131] BCl-based attention training game system can offer
several advantages over current evidence-based treatment
options offered in most clinical practices. It has less adverse
events compared to medication. Unlike behavioural manage-
ment or parent training, there is no need for regular clinic
visits which can be inconvenient.

[0132] 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 embodiments without
departing from a spirit or scope of the invention as broadly
described. The embodiments are, therefore, to be considered
in all respects to be illustrative and not restrictive.

Example

[0133] Let R, and R, be the covariance matrices of two
equal-prior-probability EEG classes w; and w,, with the
transformed feature y being a random variable from an expo-
nential distribution. The optimal solution to minimization/
maximization of Rayleigh coefficient, which is equivalent to
maximization of inter-class contrast, is real value only if the
following criterion is satisfied:

[0134] (R,,™' R,,) must share with (R,,”' R,,) the same
eigen vector corresponding to the same minimal eigen value;
where R,=R+iR,; and R,=R ,+iR,,, with real-value matri-
ces R, and R, being the real part and the imaginary part of a
covariance matrix (R, or R,).

[0135] Considering a complex-valued filter w can be writ-
ten in real and imaginary parts:

W=W,+iW; [19]

[0136] From the definition of Rayleigh coefficient given in
Eq. [11], the equation is rewritten as

(wy + iw) (R +iR)(W, + iw;) [20]

(wy + i) (R + iR oy + )
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[0137] Note that the operator T denotes conjugate trans-
pose: (w,+iw,)’=w “—iw,. Furthermore, R, has all 0 diagonal
elements and R,==R,. Thus, the above equation can be further
developed into

_ wfR,l Wy + w,TR,l Wi — ZWZ-R;IW; [21]

= T
Wl Rawy +w] Raw; — 2wl Rigw;

[0138] Therefore, the partial derivative of the Rayleigh
coefficient with respect to the real part and the imaginary part
of the spatial filter w is

Jde 22
i —D (2R wr + 20T Ri)W! Raw, +w! Rawi = 207 Riywi) — 22)
QRaw, + 2wT R)YWI Royw, + w] Ryw; = 20] Rywi], or
Jde 23
a— = —@ [QRw; + ZWZRII )l:WZNRrQWr + W‘TerW; - 2WZR;2W;) - (23]
Wi

To T T T
(2Raw, = 2w Ria)w, Ryw, +w; Raw; = 2w, Rywi],

@ indicates text missingor illegiblewhen filed

with K the square of the denominator in Eq. [21]. The opti-
mum solution w, ,, to minimization/maximization of the Ray-
leigh coefficient € must satisfy both

de -0 and de -0
Bw; an aw,

Then condition for w__, to be a real-value vector is that

opt

de | [24]
Bw, =0
e [25]
Aw; =0 0
[0139] From Eq. [24].
WZ-R,I Wy [26]
Ryyw, = [WZ-RﬁWr] 2 Wr
[0140] Theexpressioninthebracketis exactly the Rayleigh

coefficient € when w,=0. This equation naturally leads to the
generalised eigen value solution

R 'Ra)We [27]

[0141] This equation is the solution to CSP. By introducing
Eq. [26] to Eq. [25].

T
R 28]
R;]Wr = [W;—RAW, ]R;zwr and
w, Raw,
(R} Ri)w, =€ [29]

Considerboth Eq. 21 and Eq. 23. For the solution w, to satisfy
both conditions, (R,,™'R.,) must share with (R,"'R,,) the
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same eigenvector corresponding to the same minimal eigen
value. Thus, the theorem is proven.
1. A method for assessing the treatment of attention-deficit/
hyperactivity disorder (ADHD) in a subject, the method com-
prising:
obtaining electroencephalographic (EEG) data relating to a
plurality of subjects diagnosed with ADHD;

extracting, for each of the plurality of subjects, at least one
feature from the EEG data relating to that subject;

formulating a prediction model by performing regression
analysis to map the extracted features against one or
more markers for each of the plurality of subjects; and

determining that the prediction model provides an ADHD
assessment if one or more of the markers are indicators
of a clinical measure of interest.

2. The method of claim 1, further comprising retrieving
clinically obtained ADHD scores relating to the plurality of
subjects; and using the clinically obtained ADHD scores as
input to the regression analysis, to formulate the prediction
model.

3. The method of claim 1, wherein the EEG data comprises
historical EEG data relating to the plurality of subjects or is
obtained from a brain-computer-interface device.

4. The method of claim 1, wherein the at least one feature
is a discriminative rhythmic feature.

5. The method of claim 4, wherein the discriminative rhyth-
mic feature is extracted using a coniplex-valued spatial-spec-
tral filtering technique.

6. The method of claim 5, wherein the complex-valued
spatial-spectral filtering technique uses an adapted form of
Rayleigh coefficient as an objective function for system opti-
mization.

7. The method of claim 5, wherein the complex-valued
spatial-spectral filtering technique is a linear-phase tech-
nique.

8. The method of claim 7, wherein the linear-phase com-
plex-valued spatial-spectral filtering technique comprises:

transforming a segment of the EEG data into the frequency

domain;

computing a spatial energy feature at each of a number of

given frequencies using a linear-phase complex-valued
spatial-spectral filer and spectral coefficients of the EEG
data segment; and

summing computed spatial energy features over a range of

frequency points of interest to obtain a spatial-spectral
power feature.

9. The method of claim 8, wherein the spatial energy fea-
ture is computed according to the following expressions:

VWA

and

Y WAMy

where y s the spatial energy feature at a given frequency f;
W,is the linear-phase complex-valued spatial-spectral
filter; X, are spectral coefficients of the EEG data seg-
ment; and T denotes a matrix transposition.

10. The method of claim 1, wherein the prediction model
that is formulated depends on the extracted features that are
mapped for the formulated prediction model to provide a
different ADHD assessment score.

11. The method of claim 1, wherein the prediction model
used to obtain each of the ADHD assessment is different.
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12. The method of claim 1, wherein the prediction model
used to obtain a first of the ADHD assessment is based on the
prediction model used to obtain a second of the ADHD
assessment.

13. The method of claim 1, wherein the ADHD assessment
is an ADHD severity score at an instance of obtaining the
EEG data for one subject.

14. The method of claim 1, wherein the ADHD assessment
is a change score between two time points for one subject.

15. The method of claim 12, wherein the two time points
are two instances of obtaining the EEG data for one subject,
to provide an ADHD response score.

16. The method of claim 12, wherein the two time points
are at an instance of obtaining the EEG data for one subject
and another instance where the EEG data has yet to be
obtained, to provide an ADHD predictor score.

17. The method of claim 1, wherein the ADHD assessment
comptrises:

an ADHD severity score at an instance of obtaining the

EEG data for one subject; and
a change score between two time points for one subject,
wherein the two time points are
two instances of obtaining the EEG data for the one
subject, to provide an ADHD response score; or
an instance of obtaining the EEG data for the one subject
and another instance where the EEG data has yet to be
obtained, to provide an ADHD predictor score,
wherein the prediction model used to obtain the
ADHD severity score, the ADHD response score
and the ADHD predictor score is different.

18. The method of claim 1, wherein the ADHD assessment
comprises:

an ADHD severity score at an instance of obtaining the

EEG data for one subject; and

a change score between two time points for one subject,

wherein the two time points are

two instances of obtaining the EEG data for the one
subject, to provide an ADHD response score; or

an instance of obtaining the EEG data for the one subject
and another instance where the EEG data has yet to be
obtained, to provide an ADHD predictor score,
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wherein the prediction model used to obtain the
ADHD response score and the ADHD predictor
score is based on the prediction model used to
obtain the ADHD severity score.
19. An apparatus for assessing the treatment of attention-
deficit/hyperactivity disorder (ADHD) in a subject, the appa-
ratus comprising;
at least one processor; and
at least one memory including computer program code, the
at least one memory and the computer program code
configured to, with the at least one processor, cause the
apparatus at least to perform:
obtaining electroencephalographic (EEG) data relating
to a plurality of subjects diagnosed with ADHD;
extracting, for each, of the plurality of subjects, at least
one feature from the EEG data relating to that subject;
formulating a prediction model by performing regres-
sion analysis to map the extracted features against one
or more markers for each of the plurality of subjects;
and
determining that the prediction model provides an
ADHD assessment if one or more of the markers are
indicators of a clinical measure of interest.
20. A computer readable medium for assessing the treat-
ment of attention-deficit/hyperactivity disorder (ADHD) in a
subject, the computer readable medium having stored thereon
computer program code which when executed by a computer
causes the computer to perform at least the following:
obtaining electroencephalographic (EEG) data relating to a
plurality of subjects diagnosed with ADHD;

extracting, for each of the plurality of subjects, at least one
feature from the EEG data relating to that subject;

formulating a prediction model by performing regression
analysis to map the extracted features against one or
more markers for each of the plurality of subjects; and

determining that the prediction model provides an ADHD
assessment if one or more of the markers are indicators
of a clinical measure of interest.
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