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Abstract—The Attention-Deficit/Hyperactivity Disorder (ADHD)
is a childhood-onset neurological disorder that can persist in
adolescence and adult life, reducing concentration, memory,
and productivity. Although biomarkers as TBR and P300 rely
on ADHD physiology, differences between ADHD and control
lack significance. In this work, we propose a feature extraction
approach based on the common spatial patterns (CSP) from EEG
signals to support the ADHD diagnosis. Our features quantify the
channel-wise discriminative capacity from the resulting spatial
patterns and eigenvalues. We validated the proposed methodology
using synthetic and real EEG signal. In the former, the proposed
index suitably identifies the spatial location of differentiating
sources, while attenuates the common activity. In the latter,
the resulting subject-wise features fed a linear discriminant
analysis as the supported-diagnosis tool. Achieved 87% accuracy
rate proves that the discriminative index identifies outperforms
conventional biomarkers in the ADHD diagnosis.

I. INTRODUCTION

Attention deficit hyperactivity disorder (ADHD) is a neu-
rological disorder of childhood-onset. It is the most common
behavioral problem of the school period, affecting the child’s
daily life and learning due its impulsivity and low self-esteem
symptoms [1]. ADHD can persist in adolescence and adult life
(15-65%), manifesting itself as a lower ability to concentrate,
lower memory capacity, and lower productivity [3]. Nonethe-
less, the current examination relies exclusively on a symptoma-
tological description without considering any biological data,
yielding high overdiagnosis rates [10].

To address above issue, clinical researches attempt ex-
tracting ADHD biomarkers from the electroencephalographic
(EEG) signals recorded while performing demanded tasks.
For instance, the power ratio of theta and beta bands (TBR)
compares the power of slow waves (4-7 Hz) against the fast
waves (13-30 Hz) from a subject in resting state, expecting
that ADHD subjects evoke higher power at slow waves than
in the fast ones. US Food and Drug Administration agency
approved TBR for clinical diagnosis in 2013. However, recent
studies state that there is not enough evidence on the TBR
robustness as a diagnostic tool [13]. Another widely studied
biomarker corresponds to a positive deflection on the event-
related potentials (ERPs) approximately 300 milliseconds af-
ter a stimulus occurs, termed P300. Although some studies
evidenced a latency increase and an amplitude decrease in
ADHD patients, other clinical researches suggest that differ-
ences between ADHD and controls lack a significance [15].
Another considered biomarker consists of a negative ERP
deflection between 50-100 milliseconds at the frontal-central
region when incorrect responses occur, termed error-related

negativity (ERN) wave [9]. Despite the reported decreased
amplitudes in ADHD children [4], ERN needs to be further
explored as an ADHD biomarker [5].

Relying on the existence of a discrepancy between correct
and incorrect responses [8], we propose a feature extraction
approach from EEG signals recorded on inhibition tasks, based
on the Common Spatial Patterns (CSP) algorithm. To this end,
CSP projects EEG signals into a decorrelated space so that
successful and failed inhibitions differ in their variance. Then,
the obtained spatial patterns and their eigenvalues allow us to
extract a channel-wise feature accounting the capacity to dis-
criminate inhibitions. Validation on synthetic EEG simulating
two visual stimuli evidence that the discriminative capacity
index suitably identifies evoked sources. On real EEG, results
prove that the proposed features outperform behavior and ERN
biomarkers in the supported ADHD diagnosis using a Linear
Discriminant Analysis (LDA) classifier.

II. METHODS

A. Common Spatial Patterns

Let a set of N labeled multichannel EEG
time series (trials), acquired from a single subject
X=
{

xxxn(t) ∈ RC,yn ∈ {+,−}
}N

n=1 , where C stands for
the number of channels, t ∈ [1,T ] indexes the time instants,
and yn labels the n-th time series xxxn(t) as either, positive
(+) or negative (−) class. The Common Spatial Patterns
(CSP) technique maps trials using a matrix WWW ∈ RC×D into
a space of uncorrelated sources as zzzn(t) = WWW>xxxn(t), being
zzzn(t) ∈ RD the projected time series, and D ≤ C the number
of components. Taking into account that trials are band-pass
filtered, the covariance matrix of zzzn(t), assessing the source
correlation, is computed as in Equation (1) where Et {·}
stands for the expected value over t, and ΣΣΣn ∈ RC×C denotes
the covariance of xxxn(t).

SSSn = Et

{
zzzn(t)zzz>n (t)

}
=WWW>Et

{
xxxn(t)xxx>n (t)

}
WWW (1)

SSSn =WWW>ΣΣΣnWWW

Therefore, the covariance of the i-th class in the CSP space
SSSi ∈ RD×D results from averaging the trials so that yn=i:

SSSi = En {SSSn:yn=i}=WWW>En {ΣΣΣn:yn=i}WWW (2)

SSSi =WWW>ΣΣΣiWWW

Since CSP aims at discriminating trials in terms of their
projected variance, WWW must maximize SSS+ and minimize SSS−,
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while diagonalizing them to guarantee the source decorrela-
tion [2]. Solution of the generalized eigenvalue problem in
Equation (3) achieves both objectives, where www is an eigenvec-
tor and λ its associated eigenvalue. The set of D eigenvectors
{wwwd} solving Equation (3) correspond to the columns of WWW ,
resulting in an orthonormal projection matrix.

www>ΣΣΣ+ = λwww>(ΣΣΣ++ΣΣΣ−), (3)

Besides, WWW produces unitary total variances at each CSP axis
as the solution of Equation (3) yields SSS+ + SSS−=III. Hence,
the vectors wwwd , also termed spatial filters, must maximize the
variance of trials in one class and minimizes the variance of
the others to meet above constraint.

B. Discriminative decoding of CSP

Given the projected trial zzzn(t), the input time series can be
re-obtained using a second linear mapping, xxx(t) = AAAzzz(t). Since
CSP provides the spatial filters, such a matrix is computed as
AAA =WWW−>. The columns of AAA ∈ RC×D, called spatial patterns,
explain how a presumed source is read by the channels.

Further, unitary total covariance constraint in Equation (3)
results in eigenvalues bounded to the range λ ∈ [0,1]. If
λd=1, variances in the wwwd axis are one for positive trials, and
zero for negatives. While λd=0 indicates that www>d ΣΣΣnwwwd=0 for
positive trials and www>d ΣΣΣnwwwd=1 for negative ones. Consequently,
spatial patterns with associated eigenvalues λ=1/2 lack of
discrimination. To account for the discriminative capacity of
spatial pattern, this work corrects the eigenvalues according to
Equation (4), so that λ′d=0 comes from an axis without class
separability and λ′d=1 enhances the variance of either class.

λ
′
d = 2

∣∣∣∣λd−
1
2

∣∣∣∣ (4)

Finally, the weighted average of AAA along the columns
provides a scalar value indicating the capacity of each channel
to discriminative between the two classes:

ρc =
D

∑
d=1

λ
′
d |acd |, (5)

with c and d indexing rows and columns of AAA, as well as
the channels and patterns from CSP, respectively. As a result,
the corrected eigenvalues favor those patterns maximizing the
class separation in terms of the trial variance, and the vector
ρρρ ∈ RC, in the channel space, describes how well CSP solves
the discrimination problem for X.

III. DATASETS

A. Synthetic EEG records

To assess the discriminative capacity of the proposed index,
two sets of EEG records were simulated using the SEREEGA
toolbox [7]. SEREEGA generates synthetic event-related EEG
signals by describing the electrical brain activity.

1) Dataset SEREEGA-1: simulates two different classes
evoking potentials at different two electrical activity sources,
named A and B. Those sources contra-laterally located, A
frontal and B occipital, as shown in Figure 1. For each source,
300 trials were simulated with a 200 ms pre-stimulus and 800
ms post-stimulus, at a sample rate of 250 Hz. Table I sum-
marizes the parameters of the negative (ERP-N) and positive
(ERP-P) evoked potentials composing the trials, as well as the
additive white noise. Therefore, SEREEGA-1 holds M=600
trials, each of them with C=30 channels distributed all over
the scalp, and lasting T=250 time instants. Trials with source
A evoked are labeled as positive (yn=+), while the ones with
source B are negative (yn=−).

Source A

Source B

(a) Coronal (b) Sagittal (c) Axial

Source A

Source B

Sources C1 and C2

(d) Coronal (e) Sagittal (f) Axial

Figure 1. Location of sources for the datasets SEREEGA-1 (top) and
SEREEGA-2 (bottom).

Signal
type

Amplitude
(mV)

Latency
(ms)

Width
(ms)

Probability

ERP-N -0.6±0.1 350±20 120±10 80%
ERP-P 0.8±0.1 470±30 200±20 80%
Noise 0.55±0.1 100%

Table I. Simulation parameters for the dataset SEREEGA-1.

Figure 2 plots the evoked potentials for each class over
time. Each curve depicts a single EEG channel, from frontal
to occipital brain regions. Although the generated evoked
potentials simultaneously occur for both stimuli (∼ 160 ms
for ERP-N and ∼ 240 ms for ERP-P), their spatial location
changes from class to class, representing different cognitive
processes.

2) SEREEGA-2: This dataset simulates two stimuli evok-
ing common and different electrical activity sources, named
A, B, C1, and C2, with parameters and locations described in
Table II and bottom of Figure 1. A and B are contra-lateral
frontal sources, both holding one positive and one negative
potential, while C1 and C2 emerge with a positive potential
as the shared visual activity [11]. Therefore, the first stimulus
(class) evokes sources A, C1, and C2 on 300 trials. On the
contrary, the second stimulus evokes B, C1, and C2 on 300
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Figure 2. Time courses for both classes on dataset SEREEGA-1 (top) and
SEREEGA-2 (bottom).

different trials. As a result, SEREEGA-2 holds M=600 trials
with C=62 channels and T=250 time instants. Bottom of

Signal
type

Amplitude
(mV)

Latency
(ms)

Width
(ms)

Source Probability

ERP-N –0.8±0.1 350±40 120±20 A,B 80%
ERP-P 1±0.1 470±30 200±30 A,B 80%
ERP-P 1±0.1 100±10 100±20 C1,C2 100%
Noise 0.2 ± 0.1 A,B,C1,C2 100%

Table II. Simulation parameters of the SEREEGA-2 set.

Figure 2 illustrates the evoked response potentials over time
and channels. Sources C1 and C2, emerging at the visual cortex
around -100 ms, behave similarly for both classes, as they
emulate sensorial activation before the stimulus processing. In
turn, A and B occur at the same time and different spatial
location, representing stimulus processing at different areas.

B. Real EEG records

The real EEG dataset, termed ADHD-1, holds recordings
from 69 children, aging between 7 and 12 y/o, labeled as
either healthy control or attention deficit hyperactivity disorder
(ADHD) patient. During EEG recording, subjects performed
Reward Stop-Signal Tasks (RSST) by pressing a key each time
they face a frequent stimulus called Go, unless being followed
by an unfrequent Stop signal [6]. Each subject performed
about 300 trials, triggered by the Go, distributed in four four-
minutes blocks. Between each block, there is a lag period
long enough for the subject to rest, but short to avoid the
resting state. RSST rewards the subjects with a Smiley sticker,
a Low amount of candies, or a High amount of candies if
they successfully inhibit from pressing the key. When the
monetary reward decreases from block to block, the child
belongs to the decreasing condition group (DC). Otherwise,
they compose the increasing condition group (IC). Table III

summarizes the average number of successful and failed trials
according the reward, condition and diagnosis. Regarding the
time series details, EEG signals were recorded at 250 Hz and
C=32 channels distributed over the scalp. Firstly, each trial is
trimmed 200 ms before and 800 ms after the Stop stimulus,
producing sequences of T=250 time instants.

Condition Diagnosis N Smiley Low High
Succ Failed Succ Failed Succ Failed

Decreasing Control 15 20.28 14.90 13.46 18.76 27.05 40.42
ADHD 15 15.76 17.02 13.39 22.72 25.99 43.12

Increasing Control 21 13.81 19.64 26.45 42.44 13.29 20.73
ADHD 18 12.65 20.92 24.09 45.66 13.59 20.96

Table III. Average number of successful and failed inhibitions. N stands for
the number of subjects in the diagnostic group.

IV. RESULTS

A. Discriminative decoding on simulated data

Figure 3a illustrates the topographic maps resulting from
the proposed discriminative decoding for the SEREEGA-1
dataset. Red regions, denoting a larger ρc, are located over the
simulated activity sources shown in Figure 1c. On the other
hand, channels within blue and green regions, which are far
from the activity sources, result in a lower discriminative index,
indicating that those channels hardly distinguish both classes.
Therefore, the proposed discriminative index highlights chan-
nels related to the underlying brain activity. On the other hand,

(a) SEREEGA-1 (b) SEREEGA-2

Figure 3. Topographic maps of the proposed discriminative coding applied
on the synthetic EEG records.

the discriminative decoding for the SEREEGA-2, displayed in
Figure 3b, highlights in red two contra-lateral frontal regions
that are related to A and B sources. It is worth noting that
C1 and C2 sources, over the visual cortex, hold low ρc values
since they arise as a common activity in both classes. Such a
fact is because the most discriminative spatial patterns (shown
at the top of Figure 4) are associated with either source A
or B. On the contrary, patterns explaining common activity
hold eigenvalues close to 0.5 (bottom of Figure 4), meaning
that they are not biased towards any class. As a result, the
proposed discriminative decoding associates channels with the
difference between two cognitive states, while ignoring the
shared activity.

B. Feature extraction by discriminative decoding

In real EEG, we applied the proposed approach subject-
wise using successful and failed inhibitions as the two classes,
taking into account that the ERN responses differ between
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Figure 4. Four spatial patterns from the SEREEGA-2 dataset along their
corresponding eigenvalues.

ADHD and control children [4]. In this sense, the discrimina-
tive decoding provides a single feature vector at each reward
for each subject, as the four patients in Figure 5 illustrate.
Regarding the decreasing condition in Figures 5a and 5b, the
ADHD subject evidence larger ρc values than the control in
the frontal-central region, where studies found that the disorder
affects the most the error-related wave [8]. On the other
hand, applying the discriminative decoding on the increasing
condition (Figures 5c and 5d) results in fewer differences
between both subjects, indicating that a reward increment
similarly stimulates both groups. Consequently, the proposed
approach highlights the differences between cognitive states
evoked by the paradigm condition.

C. Diagnostic support of ADHD

We validate the proposed approach as an ADHD biomarker
by performing the classification of control versus ADHD sub-
jects using our features from Section IV-B, ERN descriptors,
and behavioral measures. For the former, we concatenate the
32 discriminative capacity indexes (one per channel) across the
rewards, yielding 96 features per subject. For the second, we
measure, at each reward, the amplitude and latency of the ERN
wave at channels located over the medial frontal, left frontal,
ventromedial orbitofrontal, and prefrontal cortices, known to
evoke error-related responses, producing 54 features [12].As
behavioral measures, we consider the Mean Reaction time,
the Stop Signal Delay, and the Stop Signal Reaction Time per
block for each subject because they are related to ADHD [14],
achieving 12 features. Subsequently, we apply a Principal
Component Analysis (PCA) as dimension reduction, followed
by a Linear Discriminant Analysis (LDA) as the classification
machine, for each of the three feature sets.

Figure 6 illustrates the average classification accuracy as
a function of the number of components (M) for each feature
set and both IC and DC conditions. Regarding the decreasing
condition, PCA increases the accuracy in comparison with no
dimension reduction, independently on the feature set. Notably,

(a) Control DC

(b) ADHD DC

(c) Control IC

(d) ADHD IC

Figure 5. Topographic plots of the discriminative decoding on four real
subjects.

the proposed discriminative decoding better discriminates the
diagnostic groups by achieving an 87% accuracy. As a contrast,
classification score little varies over the number of components
when increasing the reward, implying that the dimension
reduction lacks a significant effect on the diagnostic perfor-
mance. As a result, under the proper condition, the proposed
approach provides features improving the ADHD diagnostic
compared to conventional approaches.

Table IV presents the average performance achieved by
each feature extraction approach at the optimal number of
components in both conditions using a 10-fold cross-validation
scheme. Also, we report the fold-paired t-test p-value com-
paring validation scores of the proposed decoding against
behavior and ERN features at accuracy, sensitivity, specificity
and F1-score metrics. Overall, DC achieves higher accuracy
rates than IC because the former allows CSP to intensify
differences between patterns from both inhibitions. Particularly
for decreasing condition, the discriminative decoding outper-
forms both conventional features sets, reaching a significant
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Figure 6. Tuning of the number of components for each condition reward
and considered feature sets.

difference according to the hypothesis test (p-value <5%).
However, p-values at IC are large enough to prove that the
three features sets are statistically similar. Such findings agree
with Figures 5c and 5d, where the difference between both
subjects is hardly perceivable. Therefore, the discriminative
decoding finds changes in the error-related response from
control to ADHD children, highlighted by the decreasing
condition, at clinically interpretable brain regions [9], [8].

M Accuracy Sensitivity Specificity F1-score
ERN 4 0.70±0.19* 0.70±0.40 0.85±0.23 0.65±0.35

DC Behavior 4 0.71±0.15** 0.77±0.40 0.25±0.34** 0.67±0.37
Proposal 10 0.87±0.20 0.85±0.23 0.85±0.32 0.84±0.17

ERN 2 0.60±0.28 0.63±0.40 0.70±0.40 0.60±0.33
IC Behavior 10 0.72±0.13 0.70±0.33 0.47±0.48 0.68±0.32

Proposal 13 0.66±0.22 0.75±0.33 0.62±0.37 0.64±0.25

Table IV. Average performance for 10-fold cross-validation. Significant
differences are marked for p-value < 5% (*) and < 1% (**).

V. DISCUSSION AND CONCLUDING REMARKS

This work proposes a feature extraction approach from
EEG signals to support the ADHD diagnosis based on CSP.
Relying on the impulsivity symptom, we compute the patterns
best discriminating successful and failed inhibitions in an
RSST paradigm. Resulting patterns and eigenvalues feed a
channel-wise discriminative capacity index, so that the larger
the index, the easier to distinguish the inhibitions at a channel.

Regarding the feature extraction, Figure 3 illustrates that
the proposal highlights the differences in brain activity asso-
ciated with different stimuli while attenuating the activity of
the common cognitive processes. Such a result is due to the
eigenvalues related to the activity of interest are either biased
towards one or zero, as shown in Figure 4. Further, the features
resulting from real EEG recordings, in Figure 5, highlight brain
regions related to the physiological response to errors [8].
Nonetheless, the proposed index better identifies differences
during the decreasing condition than in the increasing one,
which agrees with previous studies about cognitive paradigms
with motivation changes [6]. Therefore, the topographic distri-
bution of ρρρ proves that the discriminative capacity index finds
brain regions with different processing of stimuli.

Lastly, we carried out a supported ADHD diagnosis task
using a PCA-LDA machine fed by the attained discriminative
indices in comparison with conventional ERN and behavior
features. The tuning of PCA in Figure 6 shows that IC achieves

lower accuracy than DC at all number of components, for the
three feature sets, agreeing with found differences between
groups for both conditions in Figure 5. Moreover, results in Ta-
ble IV prove that the proposed approach outperforms compared
features achieving an 87% accuracy with p-values smaller
than 5% on the decreasing condition. In conclusion, decoding
the discriminative capacity of EEG channels allows extracting
ADHD biomarkers under appropriate cognitive paradigm tests.
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